ABSTRACT

QING, LIWEI. Data Augmentation in Human Factors and Ergonomics through Generative Models
and Transfer Learning. (Under the direction of Dr. Xu Xu).

Work-related musculoskeletal disorders (WMSDs) represent a pervasive global challenge,
accounting for a significant proportion of occupational injuries across industries. These conditions
not only impose economic burdens through healthcare costs and lost productivity but also impact
workers’ quality of life. While traditional ergonomic interventions are well known to identify
and reduce WMSD risks, recent data-driven approaches have demonstrated superior accuracy
in detecting high-risk postures and movement patterns. In addition, data-driven methods offer
automation and real-time adaptive solutions, enabling personalized risk assessments and immediate
feedback. However, the effectiveness of data-driven methods is often limited by data scarcity—f{rom
design-stage unavailability to privacy restrictions and data imbalance.

This dissertation aims to address data scarcity in human factors and ergonomics through machine
learning- enabled data augmentation methods. Specifically, we evaluate how generative models and
transfer learning can mitigate data limitations by: (1) predicting lifting postures in manual material
handling (MMH) via several generative models, (2) synthesizing task-conditioned Electromyography
(EMG) bio-signals using a diffusion model, and (3) applying transfer learning to two ergonomic
applications-posture synthesis and EMG classification.

In the first study, two conditional diffusion models (U-Net and MLP architectures) were developed
to predict lifting postures during MMH tasks. The dataset comprised 35 landmark motion data from
25 participants performing lifting tasks. Compared to conventional generative adversarial networks
and variational autoencoders, the U-Net achieved superior prediction similarity (Root Mean Square
Error (RMSE): 5.86 cm for key points, 13.67° for joint angles), while the MLP generated more
diverse postures (4.49°/4.18° standard deviation for upper arm flexion/extension). Both models
maintained anatomical validity (segment length RMSE < 4.83 cm), demonstrating their potential for

ergonomic posture synthesis and WMSD prevention.



The second study proposed a U-Net-based diffusion model to synthesize EMG signals for MMH
tasks, addressing data scarcity from privacy constraints. The model synthesized task-specific signals
for four common MMH activities: pulling, pushing, squat lifting, and stoop lifting. Quantitative
analysis confirmed equivalent statistical distributions between real and synthesized data (p>0.05)
across all activities, while visual inspection validated time and frequency domain similarity. A
classifier trained on real EMG data maintained performance when tested on synthesized signals
for all four tasks. These results demonstrate the method’s effectiveness in generating realistic,
privacy-preserving EMG data for ergonomics research.

The third study applied a transfer learning (TL) framework to address data limitation issues in
ergonomics research and evaluated its effectiveness in two cases: occupational posture synthesis and
EMGe-based task classification. In both cases, three models were developed: a baseline model trained
on a larger general dataset applied directly to a new and smaller target dataset without customization;
a TL model pre-trained on the general dataset and fine-tuned on limited data from the target dataset;
and a from-scratch model trained only on the limited target data. In the posture synthesis case,
models were trained to generate lifting postures under varying hand positions and evaluated on a
held-out participant using similarity, validity, and variability metrics. In the task classification case,
EMG signals from four manual material handling motions were used for training or fine-tuning.
Classification accuracy on a held-out participant was used to evaluate model performance. For
both cases, bootstrap sampling (30 iterations) was performed to vary participant selection, and
statistical analysis was conducted to assess the performance of the three models. Results showed
that the TL model maintained synthesis quality, improved postural variability, and outperformed
other models in classification accuracy. TL also reduced training time by over 40% in both cases.
These findings demonstrate that transfer learning improves model generalizability and efficiency,

offering a practical solution for data-constrained ergonomic applications.
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CHAPTER

INTRODUCTION

1.1 Prevalence and Burdens of Work-Related Musculoskeletal

Disorders

Work-related musculoskeletal disorders (WMSDSs) refer to a group of injuries and conditions that
a ect the muscles, nerves, tendons, ligaments, and joints (Yassi, 2000). They are primarily due
to repetitive movements, awkward postures, forceful exertions, or prolonged static positions in
occupational settings (Da Costa and Vieira, 2010). WMSDs can manifest in various forms, including

lower back pain, carpal tunnel syndrome, shoulder tendinitis, and neck strain, with symptoms



ranging from discomfort and sti ness to chronic pain and functional impairment (Dutta, 2024).

WMSDs are common in physically demanding jobs, especially in the construction, healthcare,
and logistics industries (Abdul Halim et al., 2023; Adeyemi et al., 2015; Ayub and Shah, 2018).
Tasks like manual material handling (MMH), repetitive assembly work, and prolonged computer use
increase the injury risk due to biomechanical strain (Cha n et al., 2006). The severity of WMSDs
depends on workload intensity, task duration, and ergonomic conditions (Da Costa and Vieira, 2010).
If left unaddressed, these disorders can lead to long-term disability, reduced work performance, and
increased absenteeism (Andersen et al., 2021).

According to epidemiology studies (Hartvigsen et al., 2018; Tavakkol et al., 2020), WMSDs
are among the most prevalent occupational health issues worldwide, contributing to substantial
economic burdens while also posing a major public health challenge due to their long-term e ects on
worker well-being (Williams et al., 2018). In the United States, WMSDs account for nearly 30% of
all workplace injuries, costing employers approximately $20 billion annually in direct expenses such
as medical costs and compensation claims (bureau of labor statistics, 2021; liberty mutual research
institute, 2019). Beyond nancial costs, WMSDs reduce workforce productivity and often lead to
chronic pain and long-term disability. Therefore, addressing these disorders is crucial to mitigating

their prevalence and alleviating their societal and economic burdens.

1.2 Ergonomic Interventions: From Traditional to Data-Driven

Approaches

E ective ergonomic interventions play a signi cant role in reducing WMSDs by improving the
physical comfort and safety of workers. Over the years, ergonomic interventions have evolved from
traditional methods, which rely on manual assessments and physical modi cations, to data-driven
approaches, enabled by advancements in sensor technology, computer vision, and machine learning.

This progression re ects the growing need for more scalable and adaptive solutions to address the



complexities of modern workplaces.

1.2.1 Traditional Ergonomic Interventions

Traditional ergonomic interventions focus on identifying ergonomic risks and implementing physical
or procedural changes to reduce injuries and improve worker comfort. These interventions typically
involve workplace redesign, task rotation, posture training, and the use of assistive devices. For
example, workplace redesign aims to optimize workstation layouts by adjusting heights, tool
placements, and work ows to minimize unnecessary movements and maintain neutral postures
(Berlin and Adams, 2017; Hedge, 2016). Task rotation is another common strategy, distributing
physical workload to reduce repetitive motion injuries (Keir et al., 2011). Posture training programs
educate workers on safe movement techniques, particularly in physically demanding jobs (Robertson
and O'Neill, 2003). Additionally, assistive devices, such as exoskeletons and ergonomic chairs,
provide physical support to reduce biomechanical stress and improve posture (Fujishiro et al., 2005).
These methods have proven e ective in reducing musculoskeletal strain, lowering injury rates, and
enhancing worker comfort and productivity (Smith et al., 2002).

Despite their bene ts, traditional ergonomic interventions face several limitations. They often
rely on manual pen-paper-based risk assessments, which can be subjective and time-consuming
(Li and Buckle, 1999). Additionally, these interventions are typically static and one-time solutions,
making them less adaptable to dynamic work environments where tasks, roles, and workloads
frequently change (Lee et al., 2021). As workplaces evolve with increased automation, shifting
job requirements, and a diverse workforce, the need for more adaptive, automated, and data-driven
ergonomic solutions has become increasingly apparent. Such approaches can enable real-time
monitoring, automated risk assessment, and proactive interventions, ensuring ergonomic strategies

remain e ective and responsive to modern workplace demands.



1.2.2 Data-Driven Ergonomic Interventions

Recent advancements in sensor technology, computer vision, and machine learning have revolu-
tionized ergonomic interventions, enabling more precise, real-time, and adaptive solutions. Unlike
traditional methods that rely on manual observations and static designs, data-driven approaches
leverage continuous monitoring and automated analysis to identify and mitigate injury risks. A
key innovation in this eld is the use of wearable sensors, such as inertial measurement units
(IMUs), electromyography (EMG), electrocardiography (ECG), and force sensors, to track workers'
movements, muscle activity, and muscle force exertion levels. These devices help detect improper
postures, excessive strain, and other ergonomic risks in real time (Sabino et al., 2024). Additionally,
computer vision systems powered by deep learning analyze video recordings to assess worker
postures and movements, reducing reliance on subjective evaluations and ensuring consistent risk
assessments (Li et al., 2024a).

Beyond monitoring, machine learning algorithms play a critical role in categorizing muscu-
loskeletal disorder risks and optimizing workplace design. By analyzing large datasets of worker
movements and biomechanical parameters, these models identify patterns associated with injury
risks and suggest real-time interventions, such as posture corrections or workload adjustments
(Drljevic, 2024). As these technologies continue to evolve, data-driven ergonomics is becoming
increasingly essential for enhancing workplace safety and adaptability.

However, the e ectiveness of data-driven approaches depends heavily on the availability of
high-quality, diverse, and representative datasets. Several challenges limit the availability and utility

of ergonomic data:

~ Data Unavailable at the Design StageErgonomics data is often unavailable during the
design phase of occupational settings, making it di cult to implement proactive solutions.
For example, in manufacturing, the lack of human posture data during workstation design can
lead to awkward postures and increased injury risks (Cha n, 2008). Similarly, in construction
and warehouse logistics, missing lifting biomechanics data can result in ine cient storage

heights and unsafe manual handling procedures (Zhao et al., 2022).
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~ Privacy Concerns: Biometric datasets, such as EMG and ECG signals, raise signi cant
privacy concerns due to their sensitive nature. For instance, EMG data, which captures muscle
activity, can potentially be exploited for identity recognition (Kim et al., 2017). Similarly,
ECG signals, which re ect heart activity, may reveal sensitive health information, including
cardiovascular conditions or other medical issues (Pradhan et al., 2023). These concerns

underscore the need for secure handling and ethical considerations in biometric data usage.

Data Imbalance: Ergonomics datasets often su er from imbalance, where certain postures,
tasks, or worker populations are overrepresented while others are underrepresented. For
example, lifting datasets may contain more instances of safe lifting postures but fewer
examples of improper lifting posture techniques, leading to biased models and inaccurate
risk assessments (Afrose et al., 2021; Cho et al., 2022; Qing et al., 2024a). Similarly, o ce
ergonomics datasets may overrepresent standard sitting postures while lacking samples of

slouched or twisted postures that contribute to musculoskeletal strain (Li et al., 2020).

These challenges highlight the limitations of current ergonomics datasets, which can result in
biased models, inaccurate risk assessments, and ine ective interventions. Overcoming these barriers
requires innovative approaches. The following sections will focus on two key methods generative

modeling and transfer learning aimed at addressing these issues.

1.3 Generative Models for Ergonomics Studies

Generative models, which create realistic synthetic data by learning patterns from existing datasets,
0 er a promising solution to the challenges of data scarcity, imbalance, and privacy in human factors
and ergonomics. This section explores the introduction, strategies, and applications of generative

models and examines their potential for ergonomic data synthesis.



1.3.1 A Brief Introduction to Generative Models and Their Applications

Generative models are a class of machine-learning algorithms designed to generate synthetic data
that replicates the patterns and statistical characteristics of real-world datasets. By learning the
underlying data distribution, these models can create new samples that closely resemble real data,
making them particularly valuable in applications where data is limited or insu cient for training
robust models (Ruthotto and Haber, 2021). Generative models can help enhance machine learning
performance, mitigate bias, and improve model generalization. As a result, they have been widely
applied in computer vision, speech synthesis, bioinformatics, and various industrial applications
where high-quality, diverse data is essential for developing robust Al systems (Eigenschink et al.,
2023). With continuous advancements, these models are becoming increasingly important for data
synthesis and real-world simulations across multiple domains (Yale, 2020; Yang et al., 2023b).

Several generative models have been widely adopted, including Generative Adversarial Networks
(GANSs), Variational Autoencoders (VAEs), Normalizing Flow models, and Di usion models. Each
of these approaches employs di erent techniques to model data distributions and generate realistic
synthetic samples, making them suitable for various applications. An overview of the structures of
these generative models is provided in Figure 1.1.

Generative Adversarial Networks (GANs) (Goodfellow et al., 2014) consist of two neural
networks a generatorG z and a discriminatoD x that compete in a minimax game to
improve the quality of generated datd The generator takes random noisas input and produces
synthetic samplesthat aim to mimic real data, while the discriminator evaluates these samples,
distinguishing between real)and generated dat@)((Figure 1.1 (a)). During training, the generator
continuously re nes its output based on feedback from the discriminator, which, in turn, improves
its ability to di erentiate between real and synthetic data. This adversarial process enables GANs to
progressively generate more realistic and high-quality samples.

GANSs have been widely applied in image synthesis, video generation, and data augmentation.
For example, GANs have been used to generate synthetic medical images like MRI and CT scans,

helping to improve disease diagnosis by augmenting limited datasets (Lei et al., 2019). In video



Figure 1.1: Overview of di erent types of generative models. (a) GAN. (b) VAE. (c) Flow model.
(d) Di usion model.

generation, they have enabled realistic frame interpolation and motion synthesis, allowing for
applications such as deepfake creation and video prediction (Tulyakov et al., 2018). Additionally,
GANSs have been leveraged to generate diverse training samples, improving model performance in
scenarios with limited labeled data (Du et al., 2022).

Despite their e ectiveness, GANs su er from training instability, which can occur when the
generator and discriminator are unbalanced or when the discriminator becomes too powerful,
preventing the generator from learning e ectively. Another major issue is mode collapse, where
the generator produces limited diversity, generating only a few variations of the same sample. To
address these challenges, several advanced GAN variations have been developed. Wasserstein

GANs (WGANS) introduce a Wasserstein distance-based loss function, which improves training
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stability and reduces mode collapse by providing a more meaningful gradient for optimization
(Arjovsky et al., 2017). StyleGAN, on the other hand, enhances sample quality by introducing
a style-based generator architecture, allowing for better control over features such as texture and
resolution, leading to high- delity and diverse image generation (Karras et al., 2019). While these
advancements have signi cantly improved GAN performance, challenges still persist, requiring
further research and optimization to enhance their robustness and reliability.

Variational Autoencoders (VAES) are a powerful class of generative models that learn a
compressed representatipiof data and generate synthetic sampléby sampling from the learned
probabilistic distribution. Unlike GANs, VAESs rely on an encoder-decoder structure, as illustrated in
Figure 1.1 (b). The encoder zjx transforms input data into a distributionz characterized by
mean and variance vectors, representing the underlying space in a probabilistic manner. This latent
space follows a Gaussian distribution, ensuring smooth and continuous data representations. The
decodelp xjz then reconstructs samples from this learned distribution, generating new synthetic
datax °that retains essential features of the original dataset. A key characteristic of VAEs is their
ability to learn a probabilistic latent representation rather than a xed deterministic mapping, which
enhances their capacity for controlled and diverse sample generation. Additionally, VAEs employ
the reparameterization trick, allowing gradients to ow through the stochastic latent variables and
enabling e cient optimization using standard gradient-based learning methods.

Variational autoencoders (VAES) are used in many applications, including image generation, data
compression, and anomaly detection. For example, VAEs have been utilized to generate synthetic
leaf images, enhancing datasets for improved plant disease diagnosis (Wu and Xu, 2021). Besides,
VAESs have proven e ective in reducing communication energy consumption in wireless sensor
networks through data compression techniques (Liu et al., 2019). Furthermore, VAESs can identify
deviations from normal patterns by learning structured latent spaces, facilitating the detection of
outliers in nancial fraud detection (Tingfei et al., 2020).

However, VAEs often struggle with blurry reconstructions, primarily because they assume a

Gaussian prior in the latent space, limiting their ability to generate sharp details in high-resolution



data. As a result, VAEs tend to create smooth outputs that fail to capture intricate textures and
edges (Yacoby et al., 2020). Additionally, there is a trade-o between reconstruction accuracy and
enforcing a structured latent space, which can sometimes reduce the realism of generated samples.
While researchers have proposed improvements such as hierarchical VAEs and more exible priors
(Bredell et al., 2023; Vahdat and Kautz, 2020), these approaches still face challenges in preserving
ne details and achieving the high- delity generation seen in other generative models.

Normalizing Flow models take a di erent approach to generative modeling by using a sequence
of invertible transformations to map a simple probability distribution (e.g., Gaussian noise) into a
more complex data distribution. As illustrated in Figure 1.1 (c), the process involves applying a
ow transformationf x to the input data, mapping it into a latent spa@e The transformation
is invertible, meaning the original inputcan be precisely reconstructed by applying the inverse
transformationf * z . This invertibility ensures that the mapping between the input data and the
latent space is both precise and reversible, enabling the model to generate data and compute exact
probabilities e ciently.

The exact likelihood estimation property makes them particularly useful in speech synthesis
and probabilistic modeling. For example, a ow-based generative model like WaveGlow is used to
synthesize high- delity audio signals with precise control over waveform characteristics, signi cantly
improving speech generation quality (Prenger et al., 2019). Similarly, these models help estimate
complex risk distributions, enhancing predictive accuracy in market forecasting and portfolio risk
analysis (Hickling and Prangle, 2023).

One major limitation of Normalizing Flows is their computational complexity. Deep architectures
require carefully designed transformations to maintain e ciency and scalability. As the model
depth increases, more transformations are needed, resulting in higher memory usage and slower
inference times. Additionally, ensuring invertibility while capturing complex dependencies in
high-dimensional data demands specialized architectures, which are di cult to optimize. These
challenges make Normalizing Flows less practical for large-scale applications compared to other

generative models.



Di usion models represent a new class of generative models that generate data by iteratively
re ning noise through a learned denoising process. At the training stage, realdafarogressively
corrupted with Gaussian noise over a series of time stehe model is then trained to reverse
this process, learning how to reconstruct the original data step by step. At the inference stage, the
model starts with pure noisg, and applies learned denoising steps to generate structured data.
Each step removes a small amount of noise, gradually re ning the output until a high-quality sample
is produced. This multi-step re nement process is key to the model's ability to generate diverse and
structured data.

Di usion models have gained widespread attention due to their ability to generate photorealistic
images and synthesize time-series signals. For instance, models like GLIDE have been utilized
to create high-quality images from textual descriptions, demonstrating their capacity for text-
conditional image synthesis (Nichol et al., 2021). In the realm of time-series data, di usion
models such as TransFusion have been developed to generate long-sequence, high- delity synthetic
data, outperforming previous generative models in capturing temporal dependencies (Sikder et al.,
2023). Additionally, di usion models have been applied to time-series forecasting, imputation, and
generation, showcasing their versatility in handling sequential data across various applications (Lin
et al., 2024).

One major challenge of di usion models is their slow sampling speed, as generating a single
sample requires many iterative denoising steps. To address this, researchers have developed
accelerated sampling techniques (Sabour et al., 2024; Zhou et al., 2025), such as distillation methods
and fewer-step solvers, which reduce the number of required denoising steps while maintaining
output quality. Additionally, utilizing simpler network architectures can mitigate this issue when the
predictive task is less complex (Song et al., 2024). Despite this challenge, ongoing advancements
are making di usion models more practical. Their ability to generate high-quality, diverse, and
controllable outputs continues to push the boundaries of Al-driven content creation and real-world

applications.

10



1.3.2 Potential of Generative Models in Human Factors and Ergonomics

Generative models hold signi cant potential to address key challenges in human factors and
ergonomics by synthesizing realistic and diverse datasets. While direct applications in ergonomics
are still emerging, their ability to generate spatial data (e.g., human postures and motion) and
temporal data (e.g., bio-signals) o ers promising avenues for advancing ergonomic research and
practice. This section explores their potential in two key areas: spatial data synthesis and time-series
data synthesis, highlighting their relevance to ergonomic challenges.

Spatial and time-series data synthesis di er in their processes and modeling techniques. Spatial
data synthesis focuses on structural and hierarchical information, requiring models to capture
spatial dependencies and biomechanical constraints. In contrast, time-series data synthesis involves
modeling temporal dependencies, where sequential patterns and dynamic variations are critical.
These di erences highlight the unique challenges of each category, necessitating tailored generative

approaches to e ectively simulate ergonomic data for improved analysis and prediction.

1.3.2.1 Spatial Data Synthesis in Human Factors and Ergonomics Studies

Spatial data synthesis, particularly in the context of human postures and motions, holds signi cant
potential for advancing ergonomic assessments and interventions. Traditional methods, such as
motion capture systems and wearable sensors, are often costly and time-consuming, limiting their
scalability. Generative models o er a promising alternative by synthesizing realistic human postures
and movements. While direct applications in ergonomics are still emerging, the capabilities of these
models suggest promising avenues for improving workplace safety and e ciency.

For example, Jain et al. (2020) employed a bidirectional GAN framework to predict human
motion from 3D skeleton sequences. The re nement of the bidirectional GAN demonstrated that
more probable postures can be generated given the same starting motion sequence, highlighting its
potential for improving the diversity of synthesized motion data in other applications. Similarly, Li
et al. (2021) adapted GANSs to predict lifting postures by incorporating task-speci ¢ constraints,

showcasing the potential for modeling human postures under speci ¢ tasks. Additionally, Qing et al.
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(2023) utilized a conditional VAE model to sample new postures from a human-robot collaboration
task, highlighting the applicability of generative models in dynamic work environments. Recent
advancements, such as Motion Flow Matching (Hu et al., 2023) and the PADS framework (Ji and
Li, 2024), further illustrate how generative models can capture complex kinematic constraints and
generate realistic human motion data. These developments underscore the potential of generative
models to predict postures and motions under speci ¢ constraints, paving the way for their application

in occupational settings to enhance ergonomic design and risk mitigation.

1.3.2.2 Time-Series Data Synthesis in Human Factors and Ergonomics Studies

Time-series data synthesis is another critical aspect in human factors and ergonomic studies,
particularly in bio-signal analysis. Signals such as EMG and ECG provide essential insights into
muscle activity, movement patterns, and physiological responses, helping assess physical workload
and ergonomic risks. However, collecting and utilizing large, high-quality time-series datasets is
often challenging due to sensor limitations and privacy concerns. To address this, generative models
have been explored as a solution for synthesizing realistic bio-signals.

For instance, GANs have been widely applied to generate synthetic EMG signals, improving the
robustness of machine learning models for motion classi cation (Zhao et al., 2024). VAEs have also
been used to model latent representations of time-series data, allowing for anomaly detection in
physiological signals (Lee, 2024). Additionally, normalizing ow models have been explored for
novelty detection in industrial time-series data, leveraging their invertibility to identify anomalies
e ectively (Schmidt and Simic, 2019). More recently, di usion models have been introduced for
bio-signal generation, demonstrating improved realism in synthetic ECG waveforms used for cardiac
health monitoring (Yang et al., 2023a). By generating diverse and high-quality synthetic bio-signals,
generative models could signi cantly enhance workplace safety assessments and personalized

ergonomic interventions.
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1.4 Transfer Learning for Human Factors and Ergonomics

Studies

Transfer learning has emerged as another promising approach for addressing data limitation problems.
This section explores the principles, strategies, and potential applications of transfer learning in

ergonomic data synthesis, highlighting its relevance to overcoming key challenges in this eld.

1.4.1 A Brief Introduction to Transfer Learning and Their Applications

Transfer learning is a machine learning technique that enables the reuse of knowledge gained from
one task to improve performance on a related but distinct task. Unlike traditional machine learning
approaches, which train models from scratch for each speci ¢ task, transfer learning leverages
pre-existing models or knowledge to accelerate learning and enhance performance, especially when
the target domain has limited data. This approach is inspired by the human ability to apply knowledge
learned from one context to solve problems in another (Torrey and Shavlik, 2010).

Transfer learning works by transferring pre-learned representations, features, or model parameters
from a source domain (where data is abundant) to a target domain (where data may be scarce or
imbalanced). For example, a model trained on a large dataset of general human motions (e.qg.,
walking, eating, sitting) can be adapted to recognize or synthesize di erent types of movements
(e.g., lifting, pulling), even when the dataset for the target movements is small. This is typically
achieved through techniques such as ne-tuning, where a pre-trained model is slightly adjusted
using the target domain data, or feature extraction, where the pre-trained model's learned features
are used as inputs for a new model (Weiss et al., 2016). These methods have been widely adopted in
elds such as computer vision, natural language processing, and healthcare, demonstrating their
versatility and e ectiveness (Tan et al., 2018).

The key advantage of transfer learning is its ability to reduce the need for large labeled datasets

in the target domain while still achieving high performance. By building on pre-existing knowledge,
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transfer learning not only saves computational resources but also improves the generalizability of
models.

Transfer learning employs several strategies to adapt knowledge from a source domain to a target
domain. These strategies vary in how they transfer knowledge and the extent to which the source

model is modi ed.

" Fine-Tuning: Fine-tuning involves taking a pre-trained model and adjusting its parameters
using data from the target domain (Vrban£if£ and Podgorelec, 2020). Typically, the earlier
layers of the model, which capture general features, are frozen, while the later layers are
re-trained to adapt to the speci c task. This approach is particularly e ective when the target
domain has a moderate amount of data. Fine-tuning has been widely used in computer vision,
such as adapting models pre-trained on ImageNet to speci c tasks like medical image analysis

or satellite imagery interpretation (Swati et al., 2019).

Feature Extraction: In feature extraction, the pre-trained model is used as a xed feature
extractor (Xie et al., 2021). The learned features from the source domain are extracted and
used as inputs to a new model trained on the target domain. This strategy is useful when the
target domain has very limited data, as it avoids over tting by leveraging the generalizable
features learned from the source domain. Feature extraction has been successfully applied in
natural language processing (NLP), where models like BERT or GPT are used to generate
embeddings for downstream tasks such as sentiment analysis or text classi cation (Nguyen

et al., 2020).

Domain Adaptation: Domain adaptation is used when the source and target tasks are similar,
but the data distributions di er (Kouw and Loog, 2018). For example, a model trained
to recognize objects in synthetic images (source domain) might struggle when applied to
real-world images (target domain) due to di erences in lighting, noise, or other factors.
Domain adaptation bridges this gap by aligning the two domains. One common technique

is adversarial training, where a domain classi er tries to distinguish between source and
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target data, while the feature extractor tries to "fool" the classi er by making the features
indistinguishable. This encourages the model to learn features that work well in both domains.
This strategy is particularly useful in applications like autonomous driving, where models

trained on simulated data can be adapted to real-world conditions (Li et al., 2022).

Multi-Task Learning: Multi-task learning involves training a single model to perform
multiple related tasks simultaneously (Thung and Wee, 2018). Knowledge is shared across
tasks, improving generalization and performance on each individual task. This strategy is
commonly used in elds like healthcare, where a single model might predict multiple medical

conditions based on shared features in patient data (Samala et al., 2017).

Zero-Shot and Few-Shot Learning: Few-shot and zero-shot learning are techniques used
when the target task has very little or no labeled data (Parnami and Lee, 2022). In few-shot
learning, the model is trained to perform a task using only a small number of examples
(e.g., 1 10 samples). In zero-shot learning, the model performs the task without any labeled
examples, relying instead on prior knowledge or semantic relationships. For example, in
image recognition, a model trained on a large dataset of animals could recognize a new species
with just a few example images or even a textual description of the species (Lu et al., 2024).
These techniques are particularly useful in scenarios where collecting labeled data is di cult

or expensive.

1.4.2 Potentials of Transfer Learning in Human Factors and Ergonomics

Transfer learning has shown promise in overcoming data limitations. This subsection explores its
applications in human factors and ergonomics, particularly in situations where data is scarce or

expensive to obtain.
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1.4.2.1 Transfer Learning for Limited Spatial Data

Transfer learning has shown promise for addressing spatial data limitations by adapting models
trained on related tasks or domains. For example, in sports motion analysis, transfer learning
has enabled the adaptation of models trained on open-sourced image datasets to speci ¢ human
movements, improving motion recognition and injury prevention (Ogundokun et al., 2022; Rajendran
and Sethuraman, 2024). This approach could be extended to ergonomic assessments, where models
trained on general motion datasets could be ne-tuned for speci ¢ workplace tasks, such as lifting or
repetitive motions. Additionally, innovative approaches like macaque-to-human posture transfer have
demonstrated that knowledge from animal motion data can be adapted to human posture analysis
(Bethell et al., 2022; Zakrzewski et al., 2018). This suggests that transfer learning could bridge gaps
in human data by leveraging related datasets, such as those from biomechanical studies or animal
motion research, to improve posture and motion analysis in workplace settings. Furthermore, transfer
learning has been used for gait pattern recognition, where models pre-trained on public image
databases are adapted for gait analysis, demonstrating its potential to support disease prevention or

diagnosis (Verlekar et al., 2018; Zhang et al., 2024Db).

1.4.2.2 Transfer Learning for Limited Time-Series Data

Transfer learning also holds signi cant potential for addressing data shortages in time-series data,
such as bio-signals. For instance, transfer learning has been successfully applied to skeletal muscle
force prediction, where models adopted weights pre-trained on data from other muscle forces
and were ne-tuned for a speci ¢ muscle, improving accuracy even when target domain data was
limited (Dao, 2019). Similarly, in EMG-based gesture detection, transfer learning has enabled
models trained on data from multiple individuals to be adapted for a single person (Kim et al.,
2020) or across di erent tasks (Chen et al., 2021; Gunay et al., 2019). This approach reduces
the need for extensive personal data collection, as models can leverage shared knowledge from
broader datasets. Such techniques hold promise for ergonomic risk assessment, where they could

enable personalized analysis of muscle activity and fatigue without requiring large amounts of
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individual-speci c recordings. Furthermore, time-series biosignals can also bene t from knowledge
transfer using image datasets, as their spectral representations (e.g., spectrograms) can capture
meaningful patterns. For instance, multichannel EEG analysis for patients diagnosed with delirium
has successfully leveraged pre-trained models on image datasets (Bahador and Kortelainen, 2022).
This approach is particularly advantageous given the abundance of image datasets, enabling the
application of well-established image-based models to biosignal analysis tasks. Such techniques
could be extended to ergonomic applications, such as analyzing muscle activity or fatigue from EMG
signals, by transforming time-series data into spectral representations and leveraging pre-trained

image models.

1.5 Machine Learning for Human Factors and Ergonomics:

Opportunities and Challenges

The integration of machine learning into ergonomics has opened new possibilities for enhancing
workplace safety, improving risk assessments, and designing more e ective interventions. By
leveraging advanced algorithms and data-driven approaches, machine learning enables the analysis of
complex ergonomic data, such as human postures, movements, and bio-signals, with unprecedented
precision and scalability.

However, despite these advancements, signi cant challenges remain, particularly related to data
shortages and model generalizability. High-quality, diverse datasets are often di cult to obtain,
and models trained on limited data struggle to perform well across di erent tasks, populations,
or environments. While generative models and transfer learning o er promising solutions to
address data limitations, their direct application in ergonomics is still underexplored. This section
investigates the opportunities and challenges of using machine learning in ergonomics, highlighting
the gap between existing techniques and their practical implementation in ergonomic research and

practice.
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1.5.1 Opportunities in Machine Learning for Ergonomics

Machine learning o ers transformative opportunities for advancing ergonomics research and practice.
One key opportunity lies in enhanced risk assessment, where machine learning models trained on
large datasets of worker movements, postures, and bio-signals can automatically identify patterns
associated with injury risks. These models provide objective, data-driven insights, reducing the time
and cost required for ergonomic assessments. For example, models trained on EMG and IMU data
can detect improper postures or excessive muscle strain in real-time, enabling proactive interventions
(Sabino et al., 2024). Similarly, deep neural networks have been employed to assess real-time risk
levels, providing actionable insights for immediate corrective actions (Li and Xu, 2019).

Another signi cant opportunity is the development of personalized interventions. By analyzing
individual worker data, machine learning can recommend tailored workstation adjustments or
movement strategies based on a worker's unique biomechanical pro le, improving both comfort
and safety (Drljevic, 2024). Additionally, machine learning can optimize workplace design by
analyzing data on worker movements and task performance. For instance, models can identify
ine ciencies in workstation layouts and suggest modi cations to reduce physical strain and improve
productivity (Zhao et al., 2022). These opportunities demonstrate the potential of machine learning

to revolutionize ergonomic practices and improve workplace safety.

1.5.2 Challenges in Machine Learning for Ergonomics

Despite its potential, the application of machine learning in human factors and ergonomics faces
several signi cant challenges. One major challenge is data scarcity and imbalance. High-quality,
diverse, and representative datasets are essential for training robust machine learning models,
but ergonomic data is often scarce due to the di culty and time cost of collection (Trask et al.,
2012). For instance, collecting data requires Institutional Review Board (IRB) approval, participant
recruitment, and extensive processing, all of which are time-consuming and complex. Additionally,

datasets frequently su er from imbalances, as safe and ergonomic postures are overrepresented,
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while non-ergonomic motions such as improper lifting techniques or awkward postures are
underrepresented due to their infrequency or intentional avoidance in workplace settings. This
imbalance can bias model performance, limiting their ability to accurately identify or predict
high-risk behaviors in real-world applications (Afrose et al., 2021; Cho et al., 2022).

Another challenge is generalization across contexts. Machine learning models trained on data
from one population, task, or environment often struggle to perform well in di erent settings
due to variations in biomechanics, work tasks, and environmental conditions. For example, a
model's performance could be signi cantly in uenced by speci c lifting techniques, such as stoop
lifting versus squat lifting, or load-handling methods, such as one-handed versus two-handed lifting
(Mohseni et al., 2024). These variations in movement patterns and biomechanical demands can lead
to inaccurate risk predictions when the model is applied to tasks or environments outside its training
scope. Similarly, a model developed for one demographic group, such as young adults, may fail
to accurately predict risks for older workers or individuals with di erent physical characteristics
(Oakman et al., 2016). These limitations arise because models tend to learn patterns speci c to the
training data, making them less adaptable to new or diverse scenarios. As a result, their real-world
applicability is often restricted, highlighting the need for techniques that improve cross-context
generalization, such as transfer learning or domain adaptation (Lee et al., 2021).

In addition, privacy and ethical concerns pose signi cant challenges in the use of machine
learning for human factors and ergonomics. The collection and analysis of biometric data, such as
EMG and ECG signals, raise critical issues related to data security and worker privacy (Kim et al.,
2017). For example, biometric data can reveal sensitive health information (Rath et al., 2022; Yousif
et al., 2019), such as heart conditions or muscle fatigue, which may be exploited if not handled
securely. Additionally, recent advancements in Al have demonstrated the ability to re-identify
individuals from seemingly anonymized biometric data, further exacerbating privacy risks (Siam
et al., 2021). These challenges highlight the need for innovative approaches to generate and utilize
ergonomic data while safeguarding privacy.

While generative models and transfer learning o er promising solutions to address data limitations,
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their direct application in human factors and ergonomics remains underexplored. Generative models

can synthesize realistic ergonomics data to augment limited datasets, while transfer learning enables
models to leverage knowledge from related domains or tasks, reducing the need for extensive data
collection. However, these techniques have yet to be widely adopted in ergonomic research, leaving a
gap between their potential and practical implementation. Bridging this gap requires adapting these

techniques to the unique challenges of ergonomics data, such as variability across individuals and
tasks. By addressing these challenges, machine learning can unlock new possibilities for advancing

ergonomics research and improving workplace safety.

1.6 Research Objectives

This dissertation encompasses three interrelated studies to address the abovementioned research gaps.
The rst study investigates human posture prediction in a common occupational setting manual
material handling (MMH) where postures are critical for job design but often unavailable during

the design phase. The study focuses on predicting postures under speci ¢ task requirements,
evaluating the performance of several generative models in posture prediction. This study provides
insights into the e ectiveness of these models in addressing data scarcity and their potential to
support ergonomic design processes.

The second study develops a generative di usion model for synthesizing EMG signals in a
privacy-preserving manner. The 1-D signals are transformed into spectrograms to better capture
temporal and frequency-domain features for data synthesis. The study focuses on synthesizing EMG
signals for various motions in MMH. The results demonstrate that the synthesized signals achieve
performance comparable to real data, capturing key statistical characteristics and proving practical
for training machine learning models while ensuring data con dentiality.

The third study introduces transfer learning to improve the generalizability and variability
of ergonomics data. The study addresses data imbalance by leveraging knowledge from a data-

abundant ergonomics dataset, demonstrating improved diversity in the generated data and reduced
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computational costs. Additionally, the study will explore the potential of transfer learning to enhance
task classi cation in human factors and ergonomics with limited data, providing insights into its

applicability for addressing data limitations in the eld.

1.7 Dissertation Structure

This dissertation is organized as follows:
" Chapter 1. Introduces background, motivation, existing work, and research objectives.

" Chapter 2: Predicting human postures for manual material handling tasks using a conditional

di usion model.

Chapter 3: Privacy-aware EMG signal synthesis for ergonomics studies using a generative

di usion model.
" Chapter 4: Transfer Learning for Data Limitations in Human Factors and Ergonomics.

" Chapter 5: Summarizes the key contributions of the dissertation and outlines future research

directions.
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CHAPTER

PREDICTING HUMAN POSTURES FOR

MANUAL MATERIAL HANDLING TASKS

USING A CONDITIONAL DIFFUSION

MODEL

Abstract Predicting workers' body postures is crucial for e ective ergonomic interventions to

reduce musculoskeletal disorders (MSDs). In this study, we employ a novel generative approach to
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predict human postures during manual material handling (MMH) tasks. Speci cally, we implement
two distinct network architectures, U-Net and MLP, to build the di usion model. The model
training and testing utilize a dataset featuring 35 full-body anatomical landmarks collected from
25 participants engaged in a variety of lifting tasks. Additionally, we compare our models with
two conventional generative networks (conditional generative adversarial network and conditional
variational autoencoder) for comprehensive analysis. Our results show that the U-Net model
performs well in predicting posture similarity (RMSE of key-point coordinat&s3g cm; RMSE

of joint angle coordinates = 13.67 while the MLP model leads to higher posture variability (e.g.,
standard deviation of joint angles = 4.40.18 for upper arm exion/extension joints). Moreover,

both generative models demonstrate reasonable prediction validity (RMSE of segment lengths are
within 4.83 cm). Overall, our proposed di usion models demonstrate good similarity and validity in
predicting lifting postures, while also providing insights into the inherent variability of constrained
lifting postures. This novel use of di usion models shows potential for tailored posture prediction

in common occupational environments, representing an advancement in motion synthesis and

contributing to workplace design and MSD risk mitigation.
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2.1 Introduction

Musculoskeletal disorders (MSDs) are a major public health issue and an economic challenge
worldwide (Bevan, 2015; Bhattacharya, 2014). Data from the Global Burden of Disease 2019 (Vos
et al., 2020) indicates that around 1.71 billion people worldwide are a icted with musculoskeletal
conditions. These disorders signi cantly limit mobility and dexterity, resulting in early retirement,
decreased well-being, and diminished societal participation. Manual material handling (MMH) is
considered to signi cantly contribute to the incidence of MSDs and workplace accidents due to
the repetitive nature and physical demands of tasks such as lifting, lowering, carrying, and pushing
heavy loads (Lei et al., 2005; Moradi and Barakat, 2020). In industries such as agriculture (Benos
etal., 2020b; Khan et al., 2019) and construction (Adeyemi et al., 2015), where handling of materials
is integral to job functions, understanding and improving MMH practices is critical to mitigating
these risks.

Improper lifting postures impose high mechanical loads on the lumbosacral and lumbar
intervertebral joints and other regional tissues, making them signi cant risk factors in MMH tasks
(Pope et al., 2002). Studies have revealed that di erent lifting techniques have various biomechanical
e ects on the body (Plamondon et al., 2010; von Arx et al., 2021). For instance, stoop lifting can
increase the risk of lower back injuries by bending the trunk forward without knee involvement; squat
lifting distributes the load more evenly across the lower body, reducing back strain but potentially
stressing the knees; semi-squat lifting o ers a compromise that lessens strain on both the lower back
and knees, suitable for many work scenarios but potentially still risky in repetitive or heavy lifting
conditions.

E ective ergonomic interventions can reduce fatigue and errors resulting from improper lifting
postures in MMH tasks, thereby decreasing both the incidence and severity of related musculoskeletal
injuries (Mital, 2017; Norman and Wells, 1998; Rivilis et al., 2008). These interventions typically
start with identifying potential improper postures at work, then designing or adapting work
environments and tasks to meet the requirements of workers, and nally implementing physical

changes to the workplace (Gangopadhyay and Dev, 2014; Karimi et al., 2020; Smith et al., 2002).
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This approach underscores the necessity of understanding workers' postures to e ectively tailor and
implement these ergonomic solutions.

Acquiring workers' postures from existing occupational settings is essential for e ective
ergonomic interventions (Punnett et al., 1991). However, postures may not be available when
occupational settings are still in the design phase (Zhang et al., 2010). Therefore, the prediction of
human postures tailored to speci ¢ occupational tasks becomes valuable, enabling researchers to use
avatars to explore body positions within virtual settings (Golabchi et al., 2015). Posture prediction
can enhance workplace design and product design, and it is widely used in many sectors, such as
healthcare (Liu et al., 2017) and manufacturing (Ma et al., 2009).

There are various techniques for conducting posture prediction, and Inverse Kinematics (IK) is a
computational approach among them. IK predicts human postures based on end-e ector positions
(Dysart and Woldstad, 1996; Wang, 1999). This method models the body as a series of linked joint
segments, which allows for the calculation of how each joint must move to achieve a speci c task
(Jung et al., 1995; Nicholas et al., 1998). The primary objective of IK in tasks such as lifting involves
specifying the desired position of an end-e ector, such as a hand or foot, and determining the joint
con gurations required to achieve this position (Abedi et al., 2012). However, the complexity and the
high degree of freedom (DOF) in human models present signi cant challenges in computing these
solutions (Huapeng and Handroos, 2001; Shimizu et al., 2008), and variations in task preferences
and individual factors mean that the position of its end-e ector cannot solely de ne human postures
(Vianello et al., 2021).

Alternatively, optimization approaches have been proposed to predict a mathematically feasible
and optimal posture (Abdel-Malek and Arora, 2013). These approaches focus on calculating the best
possible con guration of the human body's joints and limbs, based on the optimization objectives
and constraints speci c to the tasks (Mi et al., 2009; Yang et al., 2011). They utilize various
optimization criteria, such as minimizing joint torques to reduce the potential for strain and injury or
maximizing body stability to ensure balance during tasks (Azizi et al., 2020; Ma et al., 2009; Marler

et al., 2009). These methods enable precise calculation of postures and are considered robust for
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solving redundant mechanical systems. However, the accuracy of the predicted postures depends on
the validity of the assumptions embedded in the objective functions (Qu and Nussbaum, 2008).

Data-driven approaches leverage large amounts of data and machine learning techniques to
model and predict human postures in various scenarios (Arisoy et al., 2016; Bataineh et al., 2013;
Mohseni et al., 2022; Srivastava et al., 2022; Zhang et al., 2010). By learning directly from the data,
these methods avoid reliance on predetermined assumptions (Arisoy et al., 2016). Arti cial neural
networks (ANNSs) (Yegnanarayana, 2009) are frequently used for this type of posture prediction.
Typically, these problems are structured as follows: input demographic data and coordinates of
landmarks that describe a current posture, and the expected output is a new set of coordinates that
represent a predicted posture (Zhang et al., 2010). However, it's important to note that the current
data-driven methods (Bataineh et al., 2013; Mohseni et al., 2022; Zhang et al., 2010) predict only
one posture based on the given constraints and fail to address the variability inherent in human
postures.

Recent progress in generative models has motivated researchers to employ these technologies
for improving body posture prediction. Generative Adversarial Networks (GANs) (Goodfellow
et al., 2014) and Variational Autoencoders (VAES) (Kingma and Welling, 2014) are two prominent
types of generative models that have been widely studied. These models are good at generating
new data samples that are statistically similar to the original dataset but are diverse in nature. For
example, Jain et al. (2020) employed a bidirectional GAN framework to e ectively predict human
motion from 3D skeleton sequences; Li et al. (2021) adapted the GAN's generator, incorporating
task-speci ¢ constraints to predict lifting postures; Qing et al. (2023) utilized a conditional VAE
model, sampling new postures from a latent normal distribution learned by the encoder for posture
prediction tasks. While GANs are known for producing high-quality samples, they can struggle
with issues like mode collapse and training instability (Saxena and Cao, 2021). On the other hand,
VAESs, which use latent space representations for prediction, tend to be more stable but can yield
blurrier outputs (Girin et al., 2020).

Denoising di usion probabilistic models (DDPMs), also known as di usion models, stand out for
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their robust training and high- delity outputs (Dhariwal and Nichol, 2021; Yang et al., 2023a). They
operate through forward and reverse di usion processes. In forward di usion, a controlled Markov
chain gradually transforms input data into white noise by adding noise incrementally. The reverse
di usion process systematically reverses the forward process, using a trainable neural network to
remove noise step by step and recover the original data. Due to their inherent gradual denoising
structure, DDPMs not only improve the quality of the output but also stabilize the training, avoiding
issues like mode collapse in GANs and blurry outputs in VAEs (Dhariwal and Nichol, 2021; Ho
etal., 2022).

Predicting human postures with di usion models presents speci ¢ challenges, particularly from
the complex inter-body segment spatial relationships inherent in human geometrical structure and
the presence of real-world noise in postural datasets, such as artifacts from sensors and unintentional
movements by participants. To address these issues, we implement U-Net and Multilayer Perceptron
(MLP) within our di usion models (Chowdary and Yin, 2023; Erkog et al., 2023). The U-Net
architecture is e cient in handling spatial data and is robust against noise. Its encoder-decoder
structure with skip connections not only captures ne details by compressing input into a lower-
dimensional representation but also preserves essential spatial relationships across di erent body
parts (Ronneberger et al., 2015; Siddique et al., 2021). Furthermore, the ability to integrate features
at multiple scales allows the U-Net to be less sensitive to noise, as it retains both ne-grained and
coarse-grained information. On the other hand, the MLP is adept at modeling complex and nonlinear
relationships, providing an alternative approach to posture prediction that does not primarily rely
on capturing spatial relationships. Techniques such as dropout and regularization within MLP
frameworks enhance its ability to learn robust features from the data, e ectively mitigating the
impact of input noise. Additionally, the scalability of MLP allows for its adaptation across various
occupational settings. Applications of these models in posture prediction, such as those utilizing
a U-Net-based di usion model (Chen et al., 2023) and an MLP-based model (Du et al., 2023)
to generate smooth human postures, have been demonstrated. However, the potential of these

generative di usion models in ergonomics, especially for predicting lifting postures within common
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occupational settings, remains largely unexplored. This presents a signi cant opportunity for
applications in workplace design and ergonomics.

This study aims to address the research gap by investigating a di usion model to predict lifting
postures in MMH tasks. Two types of popular network backbones, U-Net and MLP, were integrated
to implement the DDPM model. Our research focused on the prediction of human postures with
speci ¢ attention to body con gurations and task constraints. We conditioned the model on key
parameters such as body orientation, height, and hand placement to achieve the prediction of
tailored lifting postures. We leveraged the inverse process of the di usion model to predict these
postures, utilizing human posture data collected from a lifting experiment for training the model.
The performance of our U-Net and MLP-integrated DDPM model was benchmarked against two
conventional generative models, namely a conditional VAE (cVAE) and a conditional GAN (cGAN).
Finally, the e ectiveness of our approach was empirically validated using a dataset of full-body

anatomical landmark positions.

2.2 Methods

We present a di usion model-based framework for high- delity and controllable posture prediction
tailored for an ergonomic MMH task. We rst give the problem formulation in section 2.2.1. After
that, we introduce the proposed di usion model in section 2.2.2, followed by illustrating the training
and testing details in section 2.2.3. Next, we describe the lifting experiment and the dataset for
training and testing our networks in section 2.2.4. Finally, we present our evaluation framework for

guantitatively assessing the predicted postures in section 2.2.5.

2.2.1 Problem formulation

Our objective is to predict lifting postures given body parameters and task constraints. Body

parameters encompass body orientation (left, right, middle) and body height. For MMH tasks,
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task constraints are represented by end-e ector locations (regarded as the hand placement in this
study). The left-end-e ector location is described by two parametdrsandW,. H, is the

vertical distance between the left hand (midpoint of radial styloid and ulnar styloid) and body
center (midpoint of the anterior superior iliac spine and posterior superior iliac spine),While

is the horizontal distance between the left hand and body center. The same principle applies to
the right hand. We denote the task constraints,agy , Which belongs to a 6-dimensional space

R®: Orientation ,Height,H,,W,,H,,W,. This condition facilitates the generation of human
postures tailored to various MMH settings, thereby contributing to the design of ergonomic working
environments for manual material handling. The expected result is a lifting posture, situated within

a 105-dimensional space denotedrd® (35 landmark€3 spatial dimensions).

2.2.2 Denoising di usion probabilistic models (DDPMs)

The DDPM is a novel framework for data denoising and restoration. As one of the representative
generative models, DDPM generates new samples similar to training data. During training, the
model corrupts data by adding Gaussian noise over time, creating increasingly noisy versions.
The goal is to learn the reverse process, where a neural network predicts original data from noisy
versions by minimizing a loss function. In sampling, the model starts with a sample from a Gaussian
distribution and iteratively removes noise to approximate the original data. Conditional DDPMs
extend this by enabling data generation based on speci ¢ conditions. Both standard and conditional

di usion models deliver high-quality results without complex adversarial training.

2.2.2.1 Pipeline

The overview of our conditional di usion model is illustrated in Fig. 2.1. Our goal is to predict a
lifting human posturé& given a conditiorty, - This condition is represented in a six-dimensional
space, considering body parameters and task constraints to replicate occupational postures. Condition

projection layers transform the initial condition fraR§ to RI"PUt dim  Simultaneously, a time
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instantt , randomly generated within the range of O to the total time stefgsprocessed by time
embedding layers. Posturs, noised fort steps, are obtained through a noise application process
detailed in section 2.2.2.2. These postures, along with the concatenation of the projected condition
cumn and embedded time instantare input into our DDPM network. The DDPM model aims

to reveal the initial postur@o given the noise sample§ , noising timeg , and conditiorcy i -

The approximated initial postur&) are compared with the corresponding real initial poskye
forming the basis for loss computation, which is used for model re nement through gradient-based
propagation. This process is iterated across the total time Btégseach training epoch. Upon
completing the training, the DDPM model can simulate noise e ects by reverting a noise sample to
its approximated initial version, e ectively acting as a denoising layer. The prediction of human
postures is achieved at the sampling phase. During this period, random Gaussian noise is generated
to mimic the noise sample after being noised Totimes. This pure Gaussian sample, along
with time instantlT and conditiorcy yy , is fed into the denoising layer to approximQ@ The
approximated data then di use bagk 1 steps to increasingly re ned postural sampigs ;. This

iterative process continues from tirfledown to 1, ultimately yielding the nal samplg,.

2.2.2.2 Noise application

The di usion process is modeled as a Markov chain, wherein the data at timenly linked to the
postural data at the previous time 1 and a Gaussian noigeat that time (Ho et al., 2020), written
as

p— p——
Xt: atXt 1 1 atZt 1 (21)

whereX; denotes the posture observed at timandZ, ; represents the added Gaussian noise;
Z; 1 follows a standard normal distributiowh0, 1; the termd’ a; andID 1 a; serve as weight
factors attributed to the two components within equation 2.1.

Starting from equation 2.1, the postural data at tipecan be retrospectively traced back and

ultimately expressed in terms of the initial postXgalong with the in uence of a Gaussian noise
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Figure 2.1: Overview of our conditional di usion model-based posture predictitop) Training
phase.After multiple iterations il ) overT timesteps, the desired outcome of our DDPM model is
expected to approximate the noise e ect applied at each timestep. Speci cally, it can be interpreted
as a denoising layer capable of approximating the initial pos$ée (Bottom) Sampling phase.
Given a conditiorcy v , we sample random nois¢; at the dimensions of the desired motion,
then iterate fronT to 1. At each step, the denoising layer predicts the “clean' samlg and then

di uses back towards(; ;.

term.
yis /£ .
Xi= aXeg 1 a2 (2.2)

In this equation@ represents merged Gaussian noises, which still adhere to a standard normal
distributionN 0, 1. a; denotes a cumulative product operation expressed as_tlai .
=
Equation 2.2 delineates our process for applying noise. Commencing with the initial input

postureX,, we can derive a noised sample at any arbitrary time

2.2.2.3 Loss function

The loss function was designed to minimize the discrepancy between the predicted initial posture
f@o and actual initial postur,. In this study, we focused on framing the distribut@XgjcymH
which was modeled as the inverse di usion process that gradually cleans posturé;défa
represents the total number of timesteps in a di usion process). This perspective led to a change in
loss function design that most previous studies on di usion models had used, which aimed to reduce

the disparities between actual noises and predicted noises. Instead, we opted to directly predict the
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posture date and re ne our prediction by minimizing the mean square error (MSE) between the
real postures and the predicted ones.

Derived from the forward noise application process, the predicted initial po@@u’mlinked
to the noised postural samplg and the speci ed conditiorty . We simply write it as
QO =G X;,t,cumu » WhereG. represents a functional mapping from the noised sample and
condition to the predicted data (Ramesh et al., 2022). According to the concaptpé objective

proposed in (Ho et al., 2020), here we designed our loss function as

Lsimple =MSE X0, %9=kXo G X;,t,Cum ko. (2.3)

2.2.2.4 Sampling

The sampling phase plays a crucial role in generating initial posKyes postural trajectorieX;

over time. In accordance with the insights provided by (Ho et al., 2020), the technique for sampling
from the distributiorp Xgjcymn follows an iterative framework. At each time stepwe predict

the puri ed sample aé’?o =G X;,t,cymnu » Subsequently di using it back t&; ;. This iterative

procedure continues from tin¥e until the nal attainment ofX, (Fig. 2.1 bottom).

2.2.2.5 DDPM model

To implement the DDPM model, we adopted two distinct neural network architectures: U-Net and
Multilayer perceptron (MLP). The network takes noised postireas inputs, and after training, it

is expected to output the predicted initial postuﬁbs

U-Net U-Net is a convolutional neural network with a distinctive U-shaped architecture (Ron-
neberger et al., 2015). Its bottleneck and skip connections facilitate the representation of details
across various scales. Such features are crucial for modeling the spatial hierarchies of human
postures e ectively.

The U-Net-like structure adopted in this study is shown in Fig. 2.2 Top. It is structured into three
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main parts: a down-sampling path, a bottleneck, and an up-sampling path. To begin with, input
postures are processed by an initial convolution layer, preparing them for the downsampling path.
The downsampling phase reduces data size and captures features through two stages of Resnet blocks
and Linear Attention, followed by a downsampling (max pooling) operation. The bottleneck section
employs two Resnet blocks and an Attention layer to process the deepest feature representations.
The upsampling path restores spatial details using upsampling layers and includes skip connections
to merge features from corresponding downsampling stages. Time and conditions are embedded
into these parts. The network concludes with a nal convolution that outputs the predicted human
postures. Details on the speci c layers and dimensions of this U-Net architecture are provided in

Appendix A.1 (Table A.1).

MLP An MLP is a fundamental neural network, consisting of multiple layers of interconnected
nodes (neurons) that process input data using nonlinear activations to generate predictions. Its
ability to handle complex, nonlinear dynamics makes it well-suited for predicting human postures in
diverse occupational settings. Prior investigations have utilized MLP networks to generate human
postures, typically characterized by a three-layer con guration (Aghazadeh et al., 2020; Li et al.,
2021). Given that the Degrees of Freedom (DoFs) involved in this study either match or surpass
those in previous studies, it is logical to anticipate that the optimal number of layers would be equal
to or greater than three. In this study, we strategically employed an MLP architecture in our di usion
model for posture prediction.

The MLP architecture illustrated in Fig. 2.2 Bottom is designed with three hidden layers, each
consisting of linear fully connected (Linear FC) units activated by ReLU functions. This setup
integrates time and condition embeddings at each layer, enhancing the model's capability to adapt
dynamically to varying temporal and situational conditions. This structured approach enables the
network to e ectively model and predict complex human postures, with detailed speci cations and

layer con gurations available in Appendix A.1 (Table A.2).
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Figure 2.2: Two network structureglfop) U-Net. (Bottom) MLP.

2.2.3 Training and testing

The selection of hyperparameter candidates is grounded in prior research (Raab et al., 2023; Ren
and Ben-Tzvi, 2020). For the U-Net architecture, essential hyperparameters encompass the number
of layers, convolution lter sizes, the number of lters, batch size, learning rate, and optimizer. For
the MLP network, the hyperparameters usually include the number of hidden layers, the number of
units per hidden layer, the learning rate, batch size, and the optimizer. Both networks were trained
with 4000 epochs. The total of the average training loss and the validation loss determined the
criterion for selecting the optimal hyperparameter combination, which was then applied for the nal
testing. The models were trained by and tested with a lifting dataset, the details of which were
illustrated in the next section. Basically, the study incorporated data from 25 participants, among
which a dataset size of 20 participants was used for training. Within the training dataset, 20% of the
data was allocated as the validation set for hyperparameter tuning. Subsequently, a distinct dataset

comprising ve participants was reserved for the testing phase.

34



2.2.4 Lifting experiment and posture dataset

2.2.4.1 Participants

25 participants from North Carolina State University were recruited for the study (13 females and
12 males; average height 1Z2.4 cm; average age 26t74.4 years; average weight #214.7 kg).
Individuals with physical injuries or surgical procedures within the past six months, or those unable

to perform basic motions such as standing, walking, and lifting, were excluded from the recruitment
process. All participants provided written consent by signing both the experiment consent form
and the data release consent form. These consent forms were approved by the North Carolina State
University Institutional Review Board (#24910). None of the participants had prior experience with
manual lifting tasks. Before the experiment, all participants were given a detailed explanation of the

study. They were then instructed to complete the tasks in their "most comfortable” manner.

2.2.4.2 Experiment

During these lifting tasks, participants were asked to lift empty boxes of various sizes (bulky
(20CR0AL5 inch), medium (1814012 inch), and small @6C2 inch)) between adjacent shelves
placed at a 90-degree asymmetrical angle. They followed a predetermined order and lifted the boxes
to a variety of heights ranging from 0.14 m to 1.82 m. During the experiment, 35 re ective markers
were attached to the participants' bony landmarks (including shoulder, elbow, wrist, hip, knee, and
ankle) using double-sided stickers for motion tracking. Details of the landmarks can be seen in
Appendix A.2 (Fig. A.1). Landmark choices followed the International Society of Biomechanics
(ISB) recommendations (Wu et al., 2002,0). All the movements were captured by a motion capture

system (Cortex Ver. 7.02.1815, Motion Analysis, Rohnert Park, CA, USA).

2.2.4.3 Dataset for training and testing

The dataset used in this study comes from our lifting experiment. The dataset comprised 30332

postures (Fig. 2.3). Training employed 20 participants, totaling 25437 postures. For hyperparameter
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tuning, 20% of the training data formed the validation set. Testing involved an independent dataset

of 5 participants, encompassing 4895 postures.

Figure 2.3: An illustration of four example postures in our lifting dataset.

2.2.5 Quantitative evaluation framework

Our quantitative evaluation drew insights from similar previous studies (Aghazadeh et al., 2020;
Hosseini and Arjmand, 2024; Li et al., 2021; Mohseni et al., 2024). Two metrics, root-mean-square
error (RMSE) and mean absolute error (MAE), were employed for measuring the distance between
the predicted postures and the testing data, and their full de nitions can be found in Appendix A.3.
The trained models were assessed based on prediction similarity, validity, and variability. In this
study, prediction similarity was described by the di erence between predicted values and ground
truth values, including the distances in both key-point coordinates and joint angle coordinates.
Prediction validity was assessed by comparing the discrepancies in terms of segment lengths, based
on the assumption that body segments remain constant in length during movements (Kingma et al.,
1996). Prediction variability was represented by the variation in joint angles under speci ¢ input

constraints.
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Furthermore, we incorporated two established generative models, cGAN and cVAE, into our
comparative analysis. These models possess the capacity to model uncertainty and are adept at
capturing intricate data distributions, facilitating the generation of a wide range of realistic human
postures (Li et al., 2021). These comparative results will be instrumental in evaluating the e cacy

of the di usion model in the domain of human posture generation.

2.3 RESULTS

Fig. 2.4 provides a qualitative illustration of our di usion process. As we progress through each

time step (from right to left), stochastic noises accumulate, causing the posture to gradually become
increasingly noisy until it reaches a state of pure Gaussian noise at the nal step, T. In the reversed
sampling phase (from left to right), these noisy postures undergo a gradual denoising process,

resulting in the eventual recovery of the initial postuxg,

Figure 2.4: Lifting posture generation in a di usion process.

Table 2.1 displays the prediction similarity, quantifying the distance between the predicted
posture vectors and the actual posture vectors. In the 3-D key-point coordinates, four metrics were
utilized: RMSE and MAE, which calculate the average di erences at 35 key points between the
predicted and original data, serving as measures of overall similarity. Smaller values in these

metrics indicate closer alignment of the predictions to the original data. Mean Height Error (MHE)
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guanti es the average di erences in hand heights between the predicted and actual data, while
Mean Width Error (MWE) measures the average di erences in hand widths; detailed de nitions are
provided in Appendix A.3. These latter two metrics assess how accurately the predicted postures
meet the end-e ector location constraints, with smaller values demonstrating more precise control
of the predicted posture in accordance with the input conditions. The U-Net architecture exhibits a
higher degree of resemblance, with RMSE/MAE values of 5.86 cm/4.18 cm in coordinate values,
while the MLP backbone demonstrates its ability to achieve RMSE and MAE values of 10.53
cm and 7.77 cm, respectively. Both di usion networks exhibit e ective controllability over these
constraints, with the U-Net outperforming in both aspects, achieving MHE/MWE values of 1.98
cm/3.25 cm. These outcomes fall within the range between those achieved by the cGAN model
(which exhibits lower controllability) and the cVAE model (which exhibits higher controllability).

In Appendix A.4 (Fig. A.2), we also present the RMSE di erences for each of the 35 markers.
To visually illustrate the prediction similarity, Fig. 3.1 presents a comparison between predicted
postures and real postures.

Table 2.1 also shows the performance in joint angle prediction (head exion/extension (HFE),
trunk exion/extension (TFE), upper arm exion/extension (UAFE), forearm exion/extension
(FAFE), leg exion/extension (LGFE), and dorsi exion/plantar exion (DP)). The detailed description
can be found in Appendix A.2 (Table A.3). Although the loss functions did not explicitly include a
penalty term for joint angle discrepancies, reporting these results helps evaluate the e ectiveness
of the predicted postures. The best performance was achieved by U-Net with RMSE =ai8167
MAE =9.72.

Table 2.2 showcases the discrepancies between the generated and real postures in terms of
segment lengths. From the table, both di usion models exhibit a satisfactory level of validity, with
segment length di erences falling within a range of 4.05 cm in the MAE metric and 4.83 cm in
the RMSE metric. Speci cally, the U-Net structure (RMSE/MAE values of 3.68 cm/3.07 cm)
demonstrates superior validity compared to the MLP backbone (RMSE/MAE values of 4.83 cm/4.05

cm). However, notable variations are observed in the trunk segment (U-Nnet: 4.87 cm, MLP:
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Table 2.1: Prediction similarity of proposed methods.

Key-point coordinatesc(m) Joint angle coordinates)(

RMSE MAE MHE MWE| HFE TFE UAFE(L/R) FAFE(L/IR) LGFE(L/R) DP(L/R) RMSE MAE

U-Net| 5.86 4.18 198 3.25 8.92 7.48 12.98/12.46 13.36/15.42 7.03/6.55 7.02/5.99 13.67 9.72
Di usion models

MLP | 1053 7.77 211 5.78 10.53 15.52 20.12/18.85 14.62/17.49 18.09/12.66 9.65/7.56 19.16 14.51

cGAN model 1233 9.12 21.64 8.95 30.83 43.21 32.03/36.01 24.29/24.83 23.91/9.68 27.44/34.93 35.21 28.70

CcVAE model 589 423 108 3.48/ 1048 7.04 11.70/11.11 16.58/17.26 7.37/6.53 7.00/6.09 13.86 10.12

Figure 2.5: Examples of predicted postures compared to the real postures. Dashed lines: generated

postures; Solid lines: actual postures. (a) predicted by U-Net. (b) Predicted by MLP. (c) Predicted
by cVAE. (d) Predicted by cGAN.

5.35 cm) and upper leg segments (U-Nnet: 3.99 cm/3.90 cm, MLP: 5.83 cm/6.84 cm). Overall,

the validity of the di usion models falls between that of the cVAE model, which exhibits smaller
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metrical values and better validity, and the cGAN model, which shows larger metrical values and

lower validity.

Table 2.2: Prediction validity of proposed methods (Unitn).

Upper arm (L/R) Forearm (L/R) Trunk Upperleg(L/R) Lowerleg (L/R) RMSE MAE
U-Net 2.92/4.07 3.35/3.26 4.87 3.99/3.90 2.37/1.81 3.68 3.07
Di usion models
MLP 4.38/3.80 3.47/4.06 5.35 5.83/6.84 3.19/3.39 4.83 4.05
cGAN model 5.73/7.42 5.91/5.27 12.94 8.56/9.29 5.46/9.03 8.38 6.87
cVAE model 3.06/3.37 2.35/2.22 4.41 4.37/3.87 2.09/2.26 3.36 2.80

It is evident that variations in joint angles persist despite the input constraints. Table 2.3
systematically outlines the prediction variability by analyzing the variation in joint angles under
speci ¢ constraint conditions. For each of the methods, we generated 100 random postures and
computed the standard deviation)(of joint angles, as detailed in Table 2.3. Signi cantly, the
U-Net structure demonstrates diminished variability in comparison to the MLP network, which is
consistent with the earlier discussion on prediction similarity, where higher variability correlates
with lower similarity. Furthermore, it is worth noting that the two networks work well in capturing
variance in distinct joint angles. Speci cally, the U-Net performs better in capturing the variability
of the left forearm exion/extension joint (1.5}, while the MLP network excels in capturing the

variability of upper arm exion/extension joints (4.4and 4.18, respectively).

2.4 Discussion

In this study, we employed an innovative generative approach to predict human postures tailored
for MMH tasks. This research addresses a research gap, as the potential of di usion models
for predicting lifting postures in occupational environments remains largely unexplored. We

implemented two distinct network architectures, U-Net and MLP, to realize the di usion model.

40



Table 2.3: Prediction variability of proposed methods.

Joint angle coordinates)(

HFE TFE UAFE(L/R) FAFE(L/R) LGFE(L/R) DP(L/R)

Diusion | U-Net| 1.14 088 115116 1.51/0.96 0.95/0.93 1.03/1.01

models
MLP | 245 3.29 4.49/4.18 2.31/2.27 3.67/2.96 2.96/1.50

cGAN model 2.67 2.33 3.14/4.23 3.31/2.10 3.76/2.33 2.61/3.38

CcVAE model 1.73 129 1.63/1.63 1.94/2.07 1.27/1.35 1.45/1.42

Our training and testing utilized a dataset featuring 35 full-body anatomical landmarks collected
from 25 participants engaged in lifting tasks. To facilitate a comprehensive assessment, we also
integrated two conventional generative models (CGAN and cVAE) previously documented in the
literature for the purpose of comparative analysis. The generated postures from all methods were
quantitively evaluated based on prediction similarity, validity, and variability.

The U-Net structure exhibits higher prediction similarity than the MLP, as evidenced by its lower
RMSE and MAE values. Higher similarity indicates that the models can produce more consistent
and repeatable results. This is crucial in ergonomic applications where precise and reliable posture
prediction is necessary to design workspaces that prevent injuries and enhance productivity. The
higher level of similarity likely stems from U-Net's architecture. It utilizes skip connections to pass
information between network levels, capturing detailed spatial correlations and hierarchical features.
This capability is bene cial in posture prediction tasks where complex spatial con gurations of body
parts are involved. In contrast, the MLP may not capture these spatial dependencies as e ectively,
potentially impacting its ability to accurately replicate human postures.

On the other hand, our variability analysis reveals that the MLP exhibits greater variability
than the U-Net. This suggests that the MLP can generate a broader range of outcomes, re ecting
the diversity found in real-world human postures. Such variability is bene cial for designing

inclusive and adaptable ergonomic solutions. The di erence in variability can also be attributed to
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architectural distinctions. MLP consists of fully connected layers, where each neuron is connected
to every neuron in the preceding and following layers. This lack of spatial structure can result
in a less constrained output, allowing for greater variability. Conversely, U-Net is designed with
convolutional layers that capture spatial relationships and dependencies, leading to the generation of
more consistent postures with reduced variability.

In terms of prediction validity, both U-Net and MLP networks demonstrate an acceptable level
of performance. The postures they produce closely match the segment lengths observed in real
postures, indicating that they have learned the key characteristics of valid postures. Through training
on datasets of valid postures, the two networks learn the underlying relationships and patterns that
de ne valid postures, allowing them to generate outputs that conform to prede ned constraints.
Furthermore, loss functions employed during training e ectively penalize deviations from valid
postures, reinforcing the networks' ability to produce postures that align with speci ed constraints
and ensuring the generated postures maintain a high level of validity.

Compared to the two conventional generative models, cGAN and cVAE, the U-Net shows higher
prediction similarity, indicating that it produces postures that can better mimic the target postures.
However, U-Net's performance over cVAE is limited, possibly because U-Net primarily captures
spatial information and may not e ectively handle non-spatial factors (Goodfellow et al., 2016) such
as muscle dynamics, joint stress, and biomechanical load distributions, which implicitly play a part
in posture prediction tasks (Hellig et al., 2020). Conversely, cVAE can indirectly capture these
biomechanical in uences through its ability to sample from learned data distributions. To improve
U-Net's performance, integrating physics-informed layers that represent biomechanical in uences
might be bene cial (Zhang et al., 2022b). Meanwhile, the MLP architecture exhibits higher
prediction variability, implying that it predicts postures with greater variation and diversity. These
di erences in prediction similarity and variability highlight the distinct strengths and characteristics
of di usion models in the context of posture prediction.

While our study represents a promising approach to enhancing workplace ergonomics using

di usion models, it is important to discuss certain limitations. Firstly, the current generative model
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does not consider the load factor as empty boxes were adopted in the experiment. Di erent loads
can a ect body posture, as evidenced by a previous study (Aghazadeh et al., 2020). This study
demonstrated that a 5 kg and 10 kg object weight could a ect posture by an average of 3.3 cm and
5.6 cm (RMSE), respectively. Hence, making accurate predictions requires training data with a
broader range of object weights.

Secondly, the dataset does not include speci c lifting techniques (e.g., stoop lifting vs. squat
lifting), load-handling techniques (one-handed vs. two-handed lifting), or anthropometric factors
such as body mass index (BMI). These factors, however, may in uence prediction accuracy (Mohseni
et al., 2024).

In addition, participants were instructed to transfer boxes from one shelf to another during certain
tasks in the lifting experiment, with a 90-degree asymmetry angle between the shelves, in their ‘most
comfortable' manner at a self-selected pace. Our observations indicated that while most participants
initially adopted a symmetric lifting posture, they later adjusted their posture to rotate their trunk
when transferring the box to the other shelf, leading to asymmetries in their lifting motion. This
asymmetric body motion could potentially contribute to larger RMSE errors compared to symmetric
postures (Maiti and Ray, 2004; Nail-Ulloa et al., 2024). Future work should consider training the
model with a more inclusive dataset. Besides, employing data augmentation techniques and transfer
learning could enhance the model's generalizability to di erent populations and conditions (Sanford

et al., 2020), thereby improving its robustness and applicability in real-world settings.

2.5 Conclusion

In conclusion, this study has explored the innovative use of di usion models, speci cally integrating
U-Net and MLP architectures, to predict lifting postures in MMH tasks. This research addresses
a research gap as the potential of di usion models for predicting lifting postures in occupational
environments has been largely unexplored. Leveraging these models to provide tailored posture

predictions represents a signi cant advancement in motion synthesis and ergonomic analysis,
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facilitating the proactive design of safer workplace layouts to mitigate the risk of MSDs. The
proposed di usion models demonstrate e ectiveness in predicting lifting postures while also o ering
insight into the inherent variability associated with constrained human postures.

Despite their e ectiveness, these models have limitations, such as the need for improved
prediction accuracy and generalizability. Future research could focus on two directions: improving
prediction accuracy by training the models with datasets that include a variety of object weights
and lifting strategies. Additionally, investigating the applicability of the proposed di usion models
in various occupational environments is crucial. For instance, exploring their use in human-robot
collaboration contexts (Benos et al., 2020a), where dynamic and unpredictable interactions occur, will
enhance the models' practicality and contribute to developing safer and more e cient collaborative

work environments.
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CHAPTER

PRIVACY-AWARE EMG SIGNAL

SYNTHESIS FOR ERGONOMIC STUDIEB

USING A GENERATIVE DIFFUSION

MODEL

Abstract Electromyography (EMG) signal analysis is crucial for understanding and managing

work-related musculoskeletal disorders (WMSDs). Machine learning techniques have recently
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advanced EMG data analysis, enabling improvements in occupational activity recognition and
ergonomic assessments. However, these techniques face challenges from limited EMG data
availability due to privacy constraints. To address this, our research introduces a U-Net-based
di usion model for synthesizing EMG signals associated with common manual material handling
(MMH) tasks. This model aims to preserve the statistical characteristics of original EMG data

in the synthesized signals. The evaluation shows that the synthesized data visually resembles the
original in both time and frequency domains, capturing similar patterns. Quantitative analysis
further demonstrates that the model e ectively captures essential EMG features, with statistical
testing showing no signi cant evidence that the original and synthesized data di er in distribution.

A classi er trained on real EMG data to identify four types of occupational tasks performs reliably
when tested on synthesized EMG signals, demonstrating the feasibility of using EMG data synthesis
for activity classi cation tasks. These ndings highlight the e ectiveness of the proposed EMG data
synthesis method, which addresses privacy concerns and enriches EMG datasets for ergonomics

research.
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3.1 Introduction

Electromyography (EMG) signal analysis is a critical tool in understanding and treating work-related
musculoskeletal disorders (WMSDs), as it provides direct insights into muscle activation and strain
during various occupational tasks (Gazzoni et al., 2016; Zawawi et al., 2018). By measuring the
electrical activity produced by muscles, EMG can identify the performed activities (Fang et al.,
2020), track muscle fatigue (Antwi-Afari et al., 2017), and assess handled loads (Marras and Granata,
1997), all of which are essential factors in evaluating worker safety. Especially in tasks involving
repetitive motion or heavy lifting, monitoring these factors and providing feedback can help reduce
the risk of WMSDs (Wang et al., 2015).

In recent years, the integration of EMG signals with machine learning has advanced the
application of EMG for activity recognition across various occupational tasks (Chan et al., 2022;
Donisi et al., 2022). For example, Bangaru et al. (2021) developed an arti cial neural network
to automatically recognize complex construction activities from EMG data, identifying high-risk
movements to aid in injury prevention. Likewise, Mudiyanselage et al. (2021) used EMG data and
machine learning techniques to classify body movements and evaluate musculoskeletal risks for
manual material handling (MMH) tasks, automating ergonomic evaluations to reduce WMSDs.
Looking forward, the application of machine learning with EMG for ergonomic assessments is a
growing trend, making workplace safety and injury prevention more data-driven and e cient (Chan
etal., 2022).

However, training machine learning models typically requires access to large amounts of personal
EMG recordings, which can raise signi cant privacy concerns as such biometric data contain highly
sensitive information (Davis Il and Ruotsalo, 2025; Hameed et al., 2021). For instance, EMG data
have been used to analyze human gait patterns, which can be leveraged for identity recognition (Kim
etal., 2017; Lee et al., 2017), and to quantify both time and frequency domain features, potentially
revealing an individual's health status (Hatamzadeh et al., 2020; Lee et al., 2015). Consequently,
when multiple research institutions collaborate by uploading or pooling data (Figure 3.1), they may

encounter challenges related to obtaining Institutional Review Board (IRB) approval from each
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participating organization (Grady, 2015). These challenges are particularly relevant to the human
factors and ergonomics community, where researchers from diverse disciplines such as engineering,
public health, and psychology face complexities in joint IRB approval due to di ering de nitions

and management of sensitive and personally identi able data in di erent disciplines. These issues
underscore the need for privacy-preserving solutions in EMG data sharing to fully harness the

potential of machine learning in ergonomics and workplace safety.

Figure 3.1: An example of data privacy concerns.

Data synthesis has recently emerged as an e ective solution to address privacy concerns by
generating arti cial data that preserves key statistical properties of the original (Beaulieu-Jones et al.,
2019). Because synthesized data re ects statistical features and patterns at the population level rather
than individual-level details, it helps reduce the risk of identity re-identi cation (El Emam et al.,
2020). Existing techniques, such as Generative Adversarial Networks (GANs) (Goodfellow et al.,
2014) and Variational Autoencoders (VAEs) (Kingma and Welling, 2014), have been widely adopted
to synthesize data across various elds (Pu et al., 2016; Qing et al., 2023). GANs generate new

data through a competitive learning process, while VAEs encode and reconstruct data by capturing
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the underlying latent space. In time-series data synthesis, GANs have been successfully applied to
produce realistic electrocardiogram (ECG) signals (Delaney et al., 2019) and human motion data
(Lietal., 2020). Similarly, VAEs have been employed to synthesize data for applications like speech
generation by capturing the latent space of time-series sequences (Zhang et al., 2019). However,
despite their success, GANs continue to struggle with issues such as mode collapse and training
instability, while VAEs often encounter di culties in generating highly realistic time-series samples
(Iglesias et al., 2023; Lin et al., 2020; Zhang et al., 2022a). These challenges limit the e ectiveness
of both models in synthesizing time-series data for applications like EMG-based ergonomic studies.

Recently, the denoising di usion probabilistic model, also known as the di usion model, has
been explored as a promising alternative to GANs and VAEs (Cao et al., 2024; Qing et al., 2024b).
Di usion models generate data by gradually adding Gaussian noise to real samples in a forward
process and then reversing this process by predicting and removing the noise at each time step to
reconstruct the original data (Ho et al., 2020). This step-by-step denoising allows the model to
rst capture coarse structure and then re ne ne details, often producing higher- delity results
than GANs or VAESs, which attempt to generate the entire sample in a single step. In addition, the
generation process is iterative and likelihood-based rather than adversarial, avoiding the training
instability and mode collapse that can occur in GANs (Dhariwal and Nichol, 2021).

Di usion models are particularly well-suited for time-series data synthesis because their gradual
denoising process naturally captures temporal dependencies (Lin et al., 2024). For instance, they
have been used for speech generation (Kong et al., 2020) and motion synthesis (Tevet et al., 2022),
showcasing their ability for sequential data modeling. In the biomedical domain, they have also
shown strong performance in generating synthetic ECG (Adib et al., 2023), EEG (Tosato et al.,
2023), and EMG signals (Xiong et al., 2024), demonstrating their ability to preserve ne-grained
temporal and physiological structures. Moreover, the integration of a U-Net-based architecture
further enhances the performance of di usion models in time domain synthesis, as the U-Net is
e ective at capturing long-term dependencies in continuous data (Ronneberger et al., 2015). For

instance, a recent study introduced MedDi , a di usion-based framework for synthesizing electronic
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health records, where the U-Net architecture was employed to e ectively model complex temporal
and hierarchical dependencies within patient records (He et al., 2023).

Despite their potential, the use of di usion models in the eld of ergonomics remains largely
unexplored. Speci cally, there has been little attention given to using di usion models to synthesize
EMG signals for occupational tasks. This research gap can be attributed to the novelty of di usion
models and the limited availability of public EMG datasets tailored to speci ¢ occupational settings.
Besides, the lack of standardized evaluation metrics for synthesized time-series data poses an
additional challenge. Without consistent metrics, it is di cult to validate the quality and reliability
of the synthesized data, hindering broader adoption and application of these models in ergonomic
assessments.

To address these challenges, this research introduces a U-Net-based di usion model designed
to synthesize EMG signals speci cally tailored to MMH scenarios. The MMH settings are
characterized by tasks such as pulling, pushing, squat-lifting, and stoop-lifting. The model leverages
the reverse di usion process to synthesize EMG data conditioned on these task types. In addition to
synthesizing plausible EMG data, this research also emphasizes providing standardized evaluation
metrics for validating the quality of synthesized EMG signals. These metrics will assess both the
statistical similarity to real EMG data and the model's ability to capture the distinct features of
various task types, addressing the current gap in robust validation techniques for time-series data

synthesis.

3.2 Method

3.2.1 EMG data collection during MMH tasks

At the initial stage, a comprehensive EMG dataset was developed through a series of MMH tasks.
Thirteen participants were recruited (21 years old, mean = 25.3) for the MMH experiment.

Informed consent was obtained from each participant, with approval from North Carolina State
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University's IRB. All participants reported no physical injuries or surgeries within the past three
months. For the experiment, all participants completed 3 rounds of MMH tasks. In each round, the
participants rst pushed a handcart loaded with an 8 Ib. box for a distance of 15 feet. Next, they
performed a squat-lift, raising the box slightly o the oor (approximately 2 inches) and held the
squat position for a brief period to allow for EMG data collection. After a short rest, the participants
performed a stoop-lift, again raising the box slightly o the oor and holding the stoop posture for
the same duration. Finally, the participant pulled the handcart (with the same 8 Ib. box) backward,
returning to the starting point. Therefore, there were four MMH task types: pulling, pushing,
squat-lifting, and stoop-lifting.

Wireless EMG sensors (Trigno, Delsys Inc, Natick, MA) were used to record muscle activities
from the lumbar erector spinae during the experiment. The raw EMG data was rst Itered using a
4th order Butterworth Iter with cuto frequencies of 10 500 Hz to remove noise and artifacts. The
continuous EMG recordings were then segmented into 3-second intervals (with a sampling rate
at 1925 Hz) using a sliding window technique. Each segment was transformed into 2D spectrum
images using a short-time Fourier transform (STFT). The initial STFT outputs, consisting of real and
imaginary parts, were then converted into magnitude and phase components through mathematical
calculations. The magnitude and phase components were subsequently normalized to ensure scale
consistency across the dataset, enhancing the stability and performance of machine learning models

applied to the data.

3.2.2 U-Net-based di usion model

Subsequently, a di usion model with a residual U-Net architecture was trained to synthesize
EMG signals of di erent MMH tasks. This network architecture can e ciently capture long-term

dependencies and temporal dynamics within the data due to its deep residual blocks.
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3.2.2.1 Framework

The overall framework of the di usion model is illustrated in Figure 3.2, highlighting the following

key components essential to its functionality.

Figure 3.2: Framework of our di usion model for signal synthesis.

Input and Output Signal and Spectrum The original EMG signals were transformed into
spectral images using a Short-Time Fourier Transform. The di usion model processes these 2D
spectral images both as inputs and outputs. This is to leverage the U-Net's capabilities in image
processing. The initial spectrum (denotedkgpis the starting point of the di usion process. After

the sampling phase, the synthesized spectrum is converted back into time-domain signals using an
Inverse Short-Time Fourier Transform (ISTFT). This allows for the recovery of time-domain signals

that closely resemble the original EMG signals.

Forward Di usion  This process incrementally adds Gaussian noise to the spectrum, transitioning

from the original spectrunxy to a fully noised spectrumy. At each time step, the noised

52



spectrumx; can be described by the following equation:

E_ K ‘
X=X 1 {Q (3.1)

Here, ; is a weighting factor that moderates the contribution of the original spectrum and the
noise at each step, whitg@ represents the cumulative Gaussian noise added up from time 0 to
t. Despite the accumulatiofy adheres to a standard normal distributhdn0, 1 , maintaining

Gaussian properties.

Backward Di usion The backward di usion process involves predicting the noise added at each
time step. By accurately estimating the added noise, the model can inversely transform the spectrum
from a state of Gaussian noise back to its original form. This is achieved using a U-Net architecture
designed to approximate the noise, denoted gswhere indicates the model's parameters and

is the speci c time step. The structure and functionality of the U-Net will be elaborately described

in a subsequent section. The loss function at each time stege ned as:

Losss= h t (3.2)

In practical implementations, the cumulative loss is calculated by summing the weighted loss
Loss, across various time steps. The weighting decreases for later steps in the sequence (larger
t values), re ecting lesser importance, while earlier steps (approa¢h#1®) are assigned with
greater weight. This strategy helps prioritize the model's performance in earlier stages of noise
reduction, which is critical for recovering the most accurate approximation of the original data.

By minimizing this loss function, the model is updated continuously, enabling U-Net to

progressively learn and enhance its ability to approximate the noise

Sampling After completing the training phase, which includes both forward and backward
di usion processes, the sampling stage illustrates how we can transform Gaussian noise back into a

synthesized spectrum. The goal of the sampling phase is to systematically denoise the spectrum,
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removing the noise added at each step during the forward di usion. This reversal is crucial for

recovering the original data from its noisy state. The process is guided by the equation:

Xt 156 X¢," (3.3)

whereG . is a function that depends only on the spectrum at current timexstepd the
model-predicted noise ;. For simplicity, the speci cs of this function are not elaborated here.
UsingG . and the predicted noise, we can determine the spectrum of the previous tinxe step
for eachx,. Thus, starting from Gaussian noise, we iteratively reverse the process fxem,
XT 2, ..., and ultimately, we can obtain the synthesized spectgin his step-by-step reversal

reconstructs the original spectrum from its fully noised state.

3.2.2.2 U-Net structure

The U-Net is a convolutional neural network characterized by its unique U-shaped architecture. It
is especially e ective in modeling spatial hierarchies and maintaining detail across various scales.
This capability is crucial when handling complex spectral data.

lllustrated in Figure 3.3, the three-layered U-Net-like structure is segmented into three key

sections:

Down-sampling Path This path is to reduce data dimensions and extract abstract features from
the input spectral data. It begins with an initial convolution layer that prepares the input spectral
data for subsequent stages. Following this, the path features two stages of Residual blocks paired
with an Attention layer, enhancing feature extraction and processing. Subsequent down-sampling

operations then further compress the spatial dimensions while increasing the depth of features.

Bottleneck This section is crucial for processing and re ning the most abstract feature representa-
tions. It utilizes two Residual blocks coupled with an additional Attention layer to enhance feature

understanding and integration, focusing on extracting deep insights from the compressed data.
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Figure 3.3: Diagram of our U-Net structure.

Up-sampling Path The path aims to incrementally restore the spatial dimensions of the processed
spectral data. It includes skip connections that reintegrate spatial and feature information from the
corresponding down-sampling stages, ensuring that detailed contextual information is preserved.
The up-sampling process progressively re-expands the data, enhancing resolution at each step. The
network culminates with a nal convolution layer that synthesizes the output spectral data, e ectively

transforming the processed features back into a usable spectrum form.

3.2.3 Synthesized data evaluation framework

Once the synthesized data is generated through the di usion model, it is crucial to evaluate whether
it maintains the statistical properties of the original data. Drawing insights from prior studies
(Campbell et al., 2020; Huang et al., 2023; Stenger et al., 2024), here, we present a comprehensive
evaluation framework to assess the quality of the synthesized data in both the time and frequency
domains. This framework is structured into three key dimensions: qualitative, quantitative, and
practical, ensuring a thorough and balanced evaluation. Given that many time-series datasets exhibit

common characteristics in both time and frequency domains, the framework is designed with the
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exibility to be adapted to other types of time-series data, potentially extending its applicability.

3.2.3.1 Qualitative Evaluation

The qualitative evaluation focuses on visually assessing the similarity between synthesized and
original EMG data. We compare both the spectrums and time-domain signals. Since di erent
MMH tasks exhibit distinct signal patterns, we performed a class-speci ¢ comparison between the
synthesized outputs and the original data for each task. After normalization, EMG patterns are
primarily task speci ¢ while inter-subject variability is reduced. Therefore, for brevity, we only

present one subject as an example.

3.2.3.2 Quantitative Evaluation

The quantitative evaluation is mainly about comparing extracted features from both the time and
frequency domains. Since there are no established guidelines on the optimal number or speci c
types of EMG features that best represent EMG signals, this study selected six commonly used
features that capture key characteristics from both domains (Cifrek et al., 2009; Phinyomark et al.,
2012). For the time domain, Mean Absolute Value (MAV), Slope Sign Change (SSC), and Zero
Crossings (ZC) were utilized. For the frequency domain, we included Peak Frequency (Peak Freq),
Mean Frequency (MNF) and Median Frequency (MDF). Descriptions and calculations for each
feature are provided in Appendix B.1.

For each motion, we randomly synthesized 100 samples of EMG signals and extracted the
selected features. To assess statistical di erences between the original and synthesized groups,
we conducted a one-way ANOVA test for each motion and each feature across all participants.
Bonferroni correction was applied to adjust for multiple comparisons across time-domain and

frequency-domain features.
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3.2.3.3 Practical Evaluation

The practical evaluation assesses whether a classi er trained on real EMG data can accurately
di erentiate synthesized data representing various MMH tasks. If this classi er can e ectively
operate with synthesized data, it demonstrates that ergonomic assessments can be performed using a
synthesized EMG dataset without compromising individual privacy, thereby addressing a major
challenge in deploying machine learning models in ergonomic applications.

We trained a convolutional neural network to classify the spectral images of EMG signals.
The network processes the two-channel spectrums (real and imaginary parts) through several
convolutional layers for feature extraction, followed by fully connected layers for classi cation into
the respective MMH tasks. We split the original EMG dataset into an 80:20 training-to-testing
ratio. The classi er was trained exclusively on the 80% training portion of the original EMG signals.
For evaluation, two test datasets were used: one comprising the remaining 20% of original signals
and the other consisting solely of synthesized signals, both with an equal number of samples. Two
common metrics were used, accuracy and F1 score (de nitions provided in Appendix B.2), to
evaluate the model's performance on both original and synthesized test datasets. Accuracy measures
the percentage of correctly classi ed samples, o ering an overall performance view, while F1
score balances false positives and false negatives, capturing patterns in each class e ectively. We
further analyzed the confusion matrix of the synthesized dataset. The confusion matrix provides a
clearer understanding of the classi er's performance by showing the counts of correct and incorrect

predictions across each class.

3.3 Results

Building on the evaluation framework outlined in the previous section, we assessed the quality of
our synthesized EMG data in the three key dimensions: qualitative, quantitative, and practical. Here,

we present the ndings from each evaluation aspect.
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3.3.1 Qualitative Evaluation

Recognizing that di erent MMH tasks produce distinct signal patterns, we conducted a class-speci ¢
comparison between our synthesized outputs and the original data.

The comparison in the frequency domain is displayed in Figure 3.4, with di erent motions
exhibiting distinct spectrum patterns: 'Pull’ and 'Push’ tasks display periodic patterns with prominent
peaks at consistent time intervals, and the synthesized spectrums replicate the timing and intensity
of these peaks. "Squat" and "Stoop" tasks display a more even, continuous intensity across the
spectrogram, with fewer distinct peaks. The synthesized spectrograms for these two tasks closely

follow this pattern, showing strong alignment with the original data.

Figure 3.4: Visual comparison of original and synthesized signals in the frequency domain. The
y-axis represents the frequency bins, and the x-axis corresponds to the time bins generated by STFT
operations. The magnitude is expressed in decibels (dB) and visualized with a color bar normalized
to the range of O to 1.

The spectrums were converted to the time domain for further evaluation (Figure 3.5). In the
"Pull" motion, the original signals show sharp spikes at regular intervals, and the synthesized signals
follow this pattern with slightly reduced peak sharpness. For the "Push" motion, both original
and synthesized signals display regular bursts of amplitude, though the synthesized peaks are less
de ned. In the "Squat lifting" motion, the original signals show more sustained muscle activation,
with smoother transitions between peaks, and the synthesized signals capture this general trend

well. The "Stoop lifting" motion exhibits a similar pattern to squatting, with the synthesized signals
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mirroring the gradual muscle activation and showing only minor di erences in peak intensity.

Figure 3.5: Visual comparison of original and synthesized signals in the time domain. The x-axis
represents time in seconds, with each sampling point recorded at 1925 Hz. Grey shadow lines
represent the signals, while blue and red lines show the amplitude envelopes for original and
synthesized data, respectively.

3.3.2 Quantitative Evaluation

To compare the original and synthesized EMG signals, features from both the time and frequency
domains were extracted and analyzed. Table 3.1 presents the results across all participants. The
time-domain features (MAV, SSC, and ZC) were normalized to each participant's peak value during
the task, while the frequency-domain features were pre-normalized during dataset preparation by
adjusting the magnitude and phase. This normalization ensured consistent comparison across
di erent participants.

The results in Table 3.1 show that SSC and ZC features in the time domain, and Peak Frequency,
MNF, and MDF features in the frequency domain, align closely with the original data. Although the
mean values of these measures from the synthesized signals are relatively higher than those of the
original data, statistical tests indicate no signi cant di erences across all motions. However, for
MAV feature in the time domain, the synthesized data present signi cantly higher values than the
original data across all motions (p < 0.008 after Bonferroni correction), with MAV values increasing

by 44.4% for squat-lifting and up to 85.7% for pulling tasks.
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Table 3.1: Quantitative Comparison of Extracted EMG Features for Original and Synthesized

Signals across Di erent Motions.

Motion Signal Type MAV (volts)

SSC (times) ZC (times)

Peak Freq (Hz)

MNF (Hz)

MDF (Hz)

Original ~ 0.07+0.03 183Q:200 952+245 0.0250.016 0.066-0.019 0.0520.019
Pull " synthesized 0.130.04 2066+225 1158287 0.026+0.015 0.07# 0.022 0.055 0.023
p-value <0.0001* 0.012 0.069 0.717 0.391 0.190
Original ~ 0.08+0.05 1823214 928+305 0.024:0.014 0.054 0.022 0.0420.021
Push  synthesized 0.120.04 2101+236 1143:293 0.027:0.012 0.05% 0.017 0.042t 0.016
p-value <0.0001* 0.018 0.151 0.515 0.111 0.322
Original ~ 0.09+0.05 1816+244 1032:222 0.02%0.024 0.07G:0.018 0.05% 0.021
Squat  gynthesized 0.180.05 2097444 1271+441 0.036:0.049 0.0810.037 0.063 0.046
p-value 0.002* 0.008 0.011 0.590 0.258 0.772
Original ~ 0.10+0.07 1904+ 159 1054+ 214 0.027 0.017 0.07% 0.018 0.05% 0.020
Stoop  synthesized 0.1%0.04 2055t 467 1270:503 0.037:0.048 0.085 0.042 0.07Ct 0.051
p-value 0.001* 0.020 0.285 0.992 0.669 0.745

Indicates p-values smaller than the Bonferroni-corrected signi cance level, suggesting a statistically signi cant di erence between original and synthesized data distributions for that feature.

3.3.3 Practical Evaluation

To assess whether the synthesized signals can be used as e ectively as real data in machine learning
applications, we trained a classi er to evaluate performance across both signal types.

Table 3.2 presents the results for the two test datasets, showing good classi cation performance
for both original and synthesized data, with accuracy and F1 scores above 90%. For the synthesized
signals, the classi er achieved an accuracy of 0.940 and an F1 score of 0.940, demonstrating a

performance approaching that of the original data (accuracy of 0.996 and F1 score of 0.996).
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Table 3.2: Classi er Performance on Both Signals.

Signal Type Accuracy F1 Score
Original 0.996 0.996
Synthesized 0.940 0.940

From the confusion matrix shown in Figure 3.6, it is observed that the classi er correctly
classi ed the majority of samples for each class, as indicated by the values along the diagonal. Some
misclassi cations are present: the Pull motion is occasionally misclassi ed as any of the other
three classes, while the Push motion is most frequently confused with Pull. The Squat-Lifting
motion generally exhibits distinct features but is occasionally misclassi ed as Stoop-Lifting or
Pull. Similarly, the Stoop-Lifting class shows some misclassi cations into the Squat-Lifting

category.

3.4 Discussion

This study examined the use of a U-Net-based di usion model to synthesize EMG time-series
signals, aiming to address data scarcity issues stemming from data privacy concerns. The EMG
dataset from our MMH experiment was used for both training and testing. The synthesized EMG
signals were evaluated through three aspects visual similarity via qualitative comparison, statistical
similarity via quantitative analysis, and practical applicability via classi cation performance to
provide a comprehensive assessment.

The visual comparison shows a strong similarity between the original and synthesized signals
in both time and frequency domains, with the synthesized data e ectively capturing the distinct
patterns for each motion. This demonstrates the model's ability to preserve motion-relevant features
critical for EMG-based classi cation and analysis. Each motion involves distinct muscle engagement

characteristics. For example, the periodic activation seen in "Pull' and "Push’ re ects uctuating
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Figure 3.6: Confusion matrix of the synthesized dataset.

muscle e ort around the lumbar spine. The minor di erences in the synthesized time-domain
signals may result from smoothing e ects during synthesis and slight information loss during the
inverse transformation from frequency to time domain. In contrast, the more continuous patterns
observed in "Squat' and "Stoop' motions re ect sustained muscle engagement, while di erences in
peak intensity in the time domain are likely due to the model's emphasis on spectral accuracy over
ne-grained temporal resolution.

Quantitatively, the synthesized signals exhibit no statistically signi cant di erences in most
key features. However, they show consistently higher mean values across all features, suggesting
a possible bias toward increased values in the synthesized data. This bias may be inherent in
the di usion model, as a constant loss weighting strategy during training can accumulate into
biased estimations, potentially resulting in overestimated feature values in the synthesized data.

Assigning higher loss weights to steps with greater noise levels has been shown to e ectively reduce
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this bias (Yu et al., 2024). In addition, since the current loss is based on spectrum di erences,
incorporating a feature-speci c loss term in the time domain could directly penalize deviations in
feature values and help reduce this bias (Agarwal and Ertin, 2022). Among the features analyzed,
only MAV shows a statistically signi cant di erence between original and synthesized signals,
suggesting that the model may not fully capture amplitude characteristics. This di erence could
stem from the model's tendency to synthesize higher values, which signi cantly a ects the MAV
feature. When signals are reconstructed from normalized spectrums, even small increases in
magnitude can cause a noticeable rise in overall amplitude (Gri n and Lim, 1984). To mitigate such
reconstruction artifacts, signal enhancement techniques, such as introducing post-synthesis scaling
factors or improved reconstruction methods, should be further explored (Gerkmann et al., 2015).
In contrast, other features (including SSC, ZC, and all frequency features) show no signi cant
di erence, indicating that the synthesized data closely aligns with the original ones in terms of
signal variability and frequency content. Overall, despite the increase in MAV, the statistical analysis
across di erent motions and EMG features still highlights the model's e ectiveness in capturing the
key characteristics of the original EMG signals.

From a practical perspective, the classi er trained solely on original signals further demonstrates
reliable performance when applied to synthetic data. The decrease in classi cation performance,
approximately 5.62% for both accuracy and F1 score, indicates only minor di erences in classi cation
e ectiveness. This suggests that the synthesized EMG data are similar to the original data for
downstream classi cation tasks without introducing substantial performance bias. The confusion
matrix con rms that the classi er correctly classi es the majority of synthetic samples across all
motions. Misclassi cation cases are few and are likely due to overlapping spectral features among
classes. Forinstance, the "Pull' motion exhibits regular peaks and intervals that can resemble patterns
from other motions, leading to occasional misclassi cation across the other classes. Additionally,
"Stoop' and "Squat' motions show overlapping frequency components in speci ¢ ranges, contributing
to confusion between these two classes. These misclassi cation issues can also occur in real data. In

total, the proposed data synthesis approach helps overcome data scarcity caused by privacy concerns,
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supporting the use of synthesized EMG data to complement existing datasets without exposing
sensitive personal information. It enables the expansion of available datasets for biomedical and
occupational health research across institutions, ultimately supporting broader Al-driven analyses in
this eld.

Previous studies have also examined the reverse setting, where classi ers are trained on synthetic
data and tested on real data (Campbell et al., 2020; Li et al., 2024b). Following this approach, we
conducted a further comparison in which a classi er was trained entirely on synthetic EMG data and
then evaluated on both original and synthetic signals. The training and test sample sizes matched
those used in the original classi er to ensure fair comparison. The results show high performance
in both cases, with accuracy and F1 scores of 0.941 on original data and 0.957 on synthetic data.
These ndings suggest that synthetic EMG signals preserve motion-discriminative features and can
also serve as e ective training data for classi cation tasks.

While our study demonstrates a promising approach to using a generative model to address
data privacy issues in biomedical and occupational health studies, it is important to discuss
certain limitations. Firstly, we only used a single-channel EMG sensor placed on the lumbar
spine. This single-sensor setup may overlook muscle activation patterns from other critical muscle
groups, potentially limiting the model's ability to generalize to broader ergonomic applications.
Additionally, we did not integrate other types of sensors, such as inertial measurement units (IMUs)
or accelerometers, which have demonstrated great potential in recognizing di erent occupational
tasks in ergonomics studies (Cui et al., 2022; Lamooki et al., 2022). Performing data synthesis among
multiple sensors, including multi-channel EMG and multi-modalities like IMUs and accelerometers,
across di erent muscle groups is likely to provide a more comprehensive dataset for the machine
learning applications in ergonomics studies and improve task recognition during various MMH
tasks (Bangaru et al., 2021; Borzelli et al., 2018).

Secondly, the impact of personal factors, such as age groups and tness levels, is not incorporated
into the model training process. A few previous studies found that these factors could in uence

muscle activation patterns, as individuals exhibit distinct neuromuscular responses under similar
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tasks depending on their physical characteristics and conditioning (Kent-Braun et al., 1994; Knight
and Kamen, 2001). For instance, Knight and Kamen (2001) demonstrated that younger individuals
generally exhibit quicker muscle response times and greater muscle endurance compared to older
adults, who may show delayed activation and prolonged recovery phases. Similarly, Kent-Braun
et al. (1994) observed that muscle activation varies signi cantly across tness levels, with trained
individuals displaying more e cient muscle engagement. Including a broader demographic and
physiological range in the dataset in the future would likely enhance the model's robustness and
generalizability, making it more suitable for a wider range of biomedical and occupational health
applications.

Thirdly, this work focuses on using EMG signals for task classi cation, without considering
classifying the load conditions of the same type of task. Identifying load conditions is also crucial in
mitigating WMSDs, as heavier or improperly handled loads signi cantly increase strain on muscles
and joints (Gallagher and Heberger, 2013). By excluding load assessment, this study may limit
its applicability in fully evaluating ergonomic risks associated with varying task demands. Future
research should integrate external load weight into EMG synthesis to provide a more comprehensive
approach to WMSD prevention.

Finally, it is worth noting that di usion models, while e ective, generally require more training
resources than simpler generative approaches (Chen et al., 2024). Addressing the above limitations
will likely increase data and model complexity, making it important for future work to explore
resource-e cient di usion model variants that maintain performance while reducing computational

demands.

3.5 Conclusion

In conclusion, this study presents a novel application of di usion models for synthesizing EMG
signals in common MMH scenarios with high WMSD risks. The synthesized data capture

motion-speci ¢ patterns at the group level rather than reproducing with individually identi able
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attributes, helping to alleviate privacy concerns while also addressing data scarcity caused by privacy
constraints in biomedical and occupational health research. In addition, the proposed evaluation
metrics, covering qualitative, quantitative, and practical aspects, o er a standardized framework for
validating the quality of synthesized EMG signals. By synthesizing realistic motion-speci c EMG
data in a privacy-preserving manner, this method supports the development of more robust machine
learning models in real-time MMH monitoring and ultimately contributes to risk prevention for
WMSDs.

Future work should enhance generalizability through multi-sensor and multi-modal synthesis and
incorporate personal attributes and task-speci c load information. In addition, although synthetic
data can inherently reduce re-identi cation risks (El Emam et al., 2020), we didn't perform a
guantitative assessment of privacy preservation in this study. As this work represents an initial
exploration of EMG synthesis using di usion models, future research should integrate formal
privacy guarantees, such as di erential privacy (Dwork et al., 2014), into both the synthesis process

and evaluation framework to rigorously ensure and assess privacy protection.
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CHAPTER

TRANSFER LEARNING FOR DATA

LIMITATIONS IN HUMAN FACTORS AND

ERGONOMICS

Abstract
Objective: This study develops a transfer learning framework to address data limitation issues
for ergonomics research and evaluates its e ectiveness in two cases: occupational posture synthesis

and EMG-based task classi cation.
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Background: While machine learning has advanced ergonomics research, data scarcity remains
a major barrier. Transfer learning o ers a solution by leveraging knowledge from di erent yet
related tasks to reduce data demands.

Methods: In both cases, three models were developed: baseline, transfer learning (TL), and
from-scratch. The baseline model simulates a scenario where a model trained on a larger dataset is
applied directly to a new and smaller dataset without customization. The TL model is designed
to transfer knowledge from the general dataset and adapt it to the target dataset. The from-scratch
model illustrates training a model using a limited amount of data from the target dataset without
prior knowledge. For posture synthesis, these models are trained for generating lifting postures
with varying hand positions. Performance was evaluated on a held-out participant using similarity,
validity, and variability metrics. For task classi cation, accuracies in classifying common manual
material handling motions were tested from a held-out participant. Bootstrap sampling (30 iterations)
was used to vary participant selection, followed by statistical analysis.

Results: TL maintained posture similarity and validity, improved variability, and achieved
higher task classi cation accuracy. It also reduced training time by over 40% compared to other
models.

Conclusion: Transfer learning improves generalizability and e ciency, o ering a practical
solution to data limitations in ergonomics research.

Application: This framework supports posture prediction and activity classi cation in data-

constrained settings.
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4.1 Introduction

In recent years, machine learning has reshaped the eld of human factors and ergonomics, o ering
data-driven solutions to reduce work-related musculoskeletal disorders (WMSDs). For example,
generative models can predict human postures, enabling proactive design of work environments to
minimize injury risks (Lietal., 2021). In parallel, discriminative approaches such as the classi cation

of bio-signals, including electromyography (EMG) and electrocardiography (ECG) signals, provide
critical insights into muscle activity and physiological responses, supporting e ective ergonomic
interventions (Totah et al., 2018). Together, these advancements demonstrate the potential of
machine learning to enhance workplace safety and worker well-being.

However, data limitations remain a signi cant barrier to the development of robust and reliable
machine learning models in human factors and ergonomics. Over tting is a major issue, particularly
when training data is scarce or imbalanced. As a result, the generative models may produce outputs
that are overly similar to the training data, failing to capture the full range of possibilities and
producing repetitive or unrealistic results (Hans et al., 2024; van den Burg and Williams, 2021).
In classi cation tasks, over tting occurs when a model learns the training data too well, including
irrelevant details and noise, which compromises its ability to generalize to unseen data. This often
manifests as high performance on the training set but poor performance on the testing set, limiting
the model's real-world applicability (Hosseini et al., 2020; Pham and Triantaphyllou, 2008). These
challenges highlight the need for innovative approaches to address data scarcity and improve model
performance in ergonomics applications.

Transfer learning has emerged as a promising solution to these challenges. It is a machine
learning technique that leverages knowledge from related tasks or domains to improve learning in
a target domain with limited data (Torrey and Shavlik, 2010). Typically, a model is pre-trained
on a large, labeled dataset (source domain) to learn general features and representations. The
pre-trained model is then ne-tuned on a smaller, target dataset (target domain) to adapt it to the
speci c task (Weiss et al., 2016). This approach performs well even when the target data is limited

or imbalanced, as the model has already learned critical representations from the source domain.

69



For example, a model pre-trained on macaque motions can be ne-tuned to predict human postures,
as both share common underlying biomechanical features (Bethell et al., 2022). Similarly, transfer
learning can enable personalized bio-signal classi cation by adapting models trained on data from
multiple individuals to a single person, reducing the need for collecting large labeled datasets from
the individual (Kim et al., 2020). These capabilities highlight the potential of transfer learning as a
powerful tool for overcoming data limitations in human factors and ergonomics.

In this study, we aim to evaluate the e ectiveness of transfer learning within the domain of
human factors and ergonomics. Speci cally, we explore its application to two representative cases:
posture synthesis (a generative case) and bio-signal classi cation (a discriminative case). Posture
synthesis is critical for proactive ergonomics design, as it enables the prediction of human postures
during task planning, even when real-world posture data for the planned task is unavailable. This
capability is essential for identifying and mitigating risks associated with WMSDs before they occur
(Lietal., 2021; Qing et al., 2024b). On the other hand, EMG signal classi cation is widely used as
a key step in ergonomic risk monitoring, as it reveals movement patterns and muscle exertion levels
(Bangaru et al., 2021; Mudiyanselage et al., 2021). Accurate classi cation helps guide e ective
interventions and improve workplace safety (Awolusi et al., 2018; Toepp et al., 2023). By addressing
both generative and discriminative cases, this study seeks to demonstrate how transfer learning can
improve machine learning model performance and generalizability in human factors and ergonomics
applications, ultimately contributing to more scalable and adaptive solutions for workplace safety
and worker well-being.

Particularly, for the posture synthesis case, we will use generative lifting posture prediction
models as the testbed. Note that most available training data for generative lifting posture prediction
models consist of postural information where hand positions are close to waist height (Gragg et al.,
2013; Yoo and Park, 2020). In contrast, data with hand positions farther from the waist height are
scarce, as such postures are less ergonomic and less frequently observed. Consequently, a generative
model trained on these commonly seen postures may generate valid predictions when the hands are

near waist height but perform poorly when predicting postures with extreme hand positions. This
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case explores how transfer learning can help address this limitation by leveraging knowledge from a
commonly available source domain to improve model performance in predicting rare postures.

For the signal classi cation case, we will focus on classifying EMG signals across di erent
motions involved in manual material handling (MMH) settings. ldentifying the performed task and
its associated risk is a preliminary step in implementing e ective ergonomic interventions. However,
training such classi ers typically requires data from a wide range of activities, and collecting
these data can be burdensome and time-consuming (Al-Ayyad et al., 2023; Campbell et al., 2021).
Moreover, classi ers trained on one set of tasks often perform poorly on new ones, making earlier
data less useful (Shi et al., 2024). In this case, our goal is to investigate whether transfer learning
can reduce data demands and improve the generalizability of EMG classi ers across task variations

without sacri cing accuracy.

4.2 Methods

4.2.1 Case 1: Transfer Learning for Posture Synthesis

4.2.1.1 Dataset Description

The human posture dataset was obtained from a previous study (Qing et al., 2023). Eleven healthy
participants (5 females, 6 males; 17%.0.8 cm height; 25.% 1.6 years age) from North Carolina
State University were recruited. Exclusion criteria included recent injuries/surgeries within the past
six months or inability to perform basic movements. All participants provided Institutional Review
Board (IRB)-approved written consent and had no prior lifting experience.

During the experiments, participants performed lifting tasks with a 1.3 kg box (dimensions: 0.26
m width ©0.41 m length00.16 m height). Each participant held the box at di erent shelf heights,
with their hand positions varying vertically from 0.8 m below to 0.8 m above their waist height. For
body posture tracking, 35 re ective markers were attached to participants' bony landmarks. All

body movements were captured using a motion capture system (Motion Analysis, Rohnert Park, CA,
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USA).

We classi ed lifting postures into two categories based on vertical hand position relative to
waist height: mid-range postures (-0.2 to 0.2 m) and extended-reach postQr&sr(). This
classi cation is based on established lifting safety guidelines, where the mid-range zone represents
the ergonomically safe "power zone" (between mid-thigh and mid-chest height), while extended-reach
positions correspond to high-risk zones (below knees or above shoulders) (Mital, 2017).

We then created a training dataset that contained 1000 samples of mid-range postures and only
10 samples of extended-reach postures per participant (total 12100 samples). This distribution is
intended to replicate natural workplace patterns, where extended-reach postures occur less frequently

due to workers' avoidance of these biomechanically hazardous positions.

4.2.1.2 Model Architecture and Transfer Learning Approach

The generative model employed in this study was a conditional di usion model designed to synthesize
human postures through an iterative re nement process. This model generated realistic posture
outputs by progressively denoising random inputs into a structured output. It was conditioned on
key biomechanical parameters: body height and hand placements. Given these parameters and a
random noise, the trained model produced corresponding anatomically plausible lifting postures.
The postural di usion model was implemented with a U-Net architecture, which comprises three
main parts: a down-sampling path for feature extraction, a bottleneck for capturing high-level
representations, and an up-sampling path for reconstruction, with skip connections linking the
corresponding down-sampling and up-sampling layers to preserve spatial information. The detailed
model structure can be found in (Qing et al., 2024a). The model was trained on a workstation with
an NVIDIA TITAN V GPU (12 GB VRAM) and Ubuntu 22.04, using PyTorch 1.12.1 and CUDA
12.2.

The baseline generative model was trained solely on the dataset of mid-range postures. This
baseline model was to mimic the scenario where only source-domain data is available, without

exposure to more diverse or task-speci c variations such as extended-reach postures. It re ects a
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common setting in which generative models struggle to generalize due to limited task transferability.

Transfer learning was then applied to adapt the generative model for extended-reach postures.
This transfer learning model was built upon the baseline model, but the bottleneck and skip-
connection layers were ne-tuned using extended-reach data, as the bottleneck captures high-level
features while the skip connections retain spatial details. The remaining layers were frozen to
preserve general feature extraction. This way, the transfer learning model could e ectively adapt to
extended-reach postures with minimal data, improving generalization beyond the baseline model
while maintaining training e ciency.

For comparison, we also included a model trained from scratch using only the extended-reach
postural data. This training-from-scratch model was intended to mimic a scenario where no prior
knowledge from source-domain data is leveraged, relying solely on the limited target-domain data. It
re ects a common constraint in real-world applications where data scarcity hinders model robustness
and generalization.

The original human posture dataset collected from eleven participants was split in a 9:1:1 ratio
for boot-strap sampling. Bootstrap sampling was repeated 30 times, with each iteration randomly
assigning nine participants for pre-training, one participant for ne-tuning and training from scratch,
and one participant for testing. Speci cally, postures (1000 samples per participant) from nine
participants with mid-range hand positions were used to pre-train the baseline model. This baseline
model was then adapted through transfer learning, using a limited set of extended-reach postures
(10 samples) from one participant to ne-tune selected layers of the model. A training-from-scratch
model was also developed using the same extended-reach data without leveraging any pre-trained
weights. The extended-reach postures (10 samples) from the remaining participant were reserved
for testing model performance. This setup replicates the scenario where postural data with hand

positions close to waist height are more abundant, while extended-reach data are scarce.
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4.2.1.3 Model performance Evaluation

The trained model was evaluated using three criteria: synthesis similarity, validity, and variability.
Synthesis similarity was quanti ed by computing the root mean square error (RMSE) between
the 3D coordinates of 35 bony markers in the synthesized and ground-truth postures. Synthesis
validity was assessed by examining segment-length discrepancies based on the assumption that body
segments remain constant in length during movement (Kingma et al., 1996). Synthesis variability
was measured by generating 100 samples under the same input constraints and calculating the
variation in 10 major joint angles.

We compared the performance of three models: the baseline model, the transfer learning-based
model, and the training-from-scratch model. For each model performance evaluation metric, a
univariate analysis of variance (ANOVA) was conducted to assess group di erences, followed by
Tukey's HSD post hoc analysis to identify signi cant pairwise comparisons between models. The

signi cance level was set at 0.05.

4.2.2 Case 2: Transfer learning for EMG classi cation

4.2.2.1 Dataset Description

The EMG dataset was collected from an MMH experiment involving 11 participants (ages 20 31,
mean = 25.8) (Chen, 2022). Informed consent was obtained from each participant, with approval
from North Carolina State University's IRB.

During the experiment, each participant completed three rounds of four MMH tasks. First, they
pushed a handcart loaded with an 8 Ib. box over a xed distance. Next, they performed a squat-lift,
raising the box slightly o the ground and holding the squat posture brie y. After a short rest, they
carried out a stoop-lift and maintained the posture in a similar manner. Finally, they pulled the
same handcart backward to the starting point. These four tasks pushing, pulling, squat-lifting, and
stoop-lifting were designed to represent common MMH activities in occupational settings.

Wireless EMG sensors (Trigno, Delsys Inc, Natick, MA) were used to capture muscle signals
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from the lumbar erector spinae. The raw signals were denoised using a 4th-order Butterworth
bandpass lIter (10 500 Hz). Recordings were segmented into 3-second windows at a sampling rate
of 1925 Hz via a sliding window approach. Each window was converted into a two-dimensional
spectral representation using the short-time Fourier transform (STFT). The resulting complex-valued
spectrograms were decomposed into magnitude and phase components, which were then normalized
to ensure consistent scaling across samples, improving the robustness of subsequent machine
learning analyses. After processing, 400 samples were obtained for each motion and participant,

yielding a total of 17600 samples (4 motiod400 sample© 11 participants).

4.2.2.2 Model Architecture and Transfer Learning Approach

Figure 4.1: Work ow of the Protonet. Conv and Linear represent convolutional and linear layers,
respectively.

In this study, we adopted the Prototypical Network (Protonet) as our classi er. Protonet is
simple yet highly e ective for small-sample classi cation tasks (Snell et al., 2017). Its work ow is
illustrated in Figure 4.1. The model is trained over many epochs using a series of small classi cation

tasks (called episodes). Each episode consists of a support set and a query set. Both sets are passed
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through shared convolutional layers to extract feature embeddings. The model then computes a
prototype for each class by averaging the feature embeddings of the support samples. Query samples
are classi ed based on their distance to these class prototypes in the embedding space. The loss is
calculated by comparing the predicted labels of the query samples with their ground truth and is used
to update the network weights. Through training, Protonet learns to project samples from the same
class closer together in the embedding space, enabling it to generalize well to new classi cation
tasks even with limited labeled data. Episodic training, which optimizes on small tasks, further
enhances its robustness to inter-subject variability by encouraging the learning of class-speci c
embeddings consistent across participants.

Similar to the transfer learning approach used in Case 1, we developed three models for
comparison and adopted a 9:1:1 split of the eleven participants in the EMG classi cation task. The
baseline model was trained on pull and push motions from 9 participants. The transfer learning
model was initialized with the baseline's weights; its rst convolutional layer was frozen to preserve
general feature representations, and itwas ne-tuned on squat and stoop motions from one participant
whose data were not used in the baseline model. The scratch model was trained from scratch on the
same participant's squat and stoop data. All models were tested on the squat and stoop motions from
the remaining held-out participant. This data arrangement is designed to evaluate whether knowledge
learned from existing tasks (pull and push) can be transferred to improve classi cation performance
on new tasks (squat and stoop) using limited additional data. Testing on a new participant allows us
to assess the classi er's ability to generalize to unseen individuals, which is essential for reducing
the need for extensive data collection for each new user. To ensure robust evaluation, bootstrap

sampling was repeated 30 times to randomly select training, ne-tuning, and test participants.

4.2.2.3 Model performance Evaluation

The trained models were evaluated based on classi cation accuracy. A univariate ANOVA was
conducted to assess group di erences in accuracy, followed by Tukey's HSD post hoc analysis to

identify signi cant pairwise comparisons. The signi cance level was set at 0.05.
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4.3 Results

4.3.1 Results of Case 1: Transfer Learning for Posture Synthesis

An example of generated postures with input conditions is shown in Figure 4.2. The results
in Table 4.1 indicate signi cant di erences in similarity and validity metrics across the three
methods for key points RMSE F = 22.628 p < 0.001), hand position RMSEKR = 16.866,

p < 0.001), joint angle RMSE F =48.281, p < 0.001), and segment length RMSIE & 45.619,

p < 0.001). Additionally, signi cant di erences in joint angle variability are observed for the head

(F =5.704, p =0.005), left forearm £ =4.404, p =0.015), right forearm F =4.057, p =0.021),

left ankle F =5.032, p =0.009), and right ankle angle$-(=4.114, p =0.020).

Figure 4.2: Comparison of postures generated by the three methods. Red: Transfer learning; Green:
Training from scratch; Yellow: Baseline model; Blue: Ground truth.

Figure 4.3 illustrates the pairwise comparisons from Tukey's HSD post hoc tests conducted

on performance metrics with signi cant ANOVA results. Table 4.2 provides further details. For
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brevity, Baselinerefers to the baseline moddil. to the transfer learning model, agaratchto the

model trained from scratch; the same abbreviations apply in the following text. For the similarity
metrics including key points RMSE, hand position RMSE, and joint angles RMSE the baseline
model exhibits signi cantly higher error compared to both the transfer learning-based model and the
model trained from scratcip (< 0.001). No signi cant di erences are observed between the transfer
learning-based model and the scratch model for these metrics. In terms of validity, segment length
RMSE is also signi cantly higher in the baseline model< 0.001), while the transfer learning and
scratch models show no signi cant di erence. For joint angle variability, signi cant di erences
are observed in ve joints: the head (HFE), left and right forearms (FAFE), and left and right
ankles (DP). In these cases, the scratch model consistently exhibits the lowest variance, showing
statistically lower values than the transfer learning model for HFE §.012), left FAFE (p = 0.014),

right FAFE ( =0.026), and right DP | =0.019). The transfer learning model preserves higher

variability and doesn't di er signi cantly from the baseline model in these four joints.
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Figure 4.3: Tukey's HSD results comparing the three models. Signi cance levels are indicated as
follows: ns= not signi cant; *p < 0.05; ** p < 0.01; *** p < 0.001
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Table 4.1: ANOVA results for di erent models in terms of similarity, validity, and variability.

Similarity

Variability?

Key points  Hand

sSegment length

TFE UAFE(L) UAFE(R) FAFE(L) FAFE(R) LGFE(L) LGFE(R) DP(L) DP(R)

Fratio | 22.628 16.866

p-value| <0.001 <0.001

5.704 0.266 1.714 0.460 4.404 4.057 2.635 2.033 5.032 4.114

0.005 0.767 0.186 0.633 0.015 0.021 0.078 0.141  0.009 0.020

Indicates p-values smaller than the signi cance level of 0.05, suggesting statistically signi cant di erences between the two methods.

a Variability evaluation includes the computation of variations in 10 major angles: head exion/extension (HFE), trunk exion/extension (TFE), upper arm
exion/extension (UAFE), forearm exion/extension (FAFE), leg exion/extension (LGFE), and dorsi exion/plantar exion (DP).

Table 4.2: Post-hoc Tukey's HSD analysis for di erent models in terms of similarity, validity, and variability.

Models

p-values

Joint anglesSegment length HFE  FAFE(L) FAFE(R) DP(L) DP(R)

Baseline - Scratcl

Baseline - TL

Scratch - TL

<0.001 0.012 0.106 0.071  0.007 0.769
<0.001 0.999 0.685 0.911 0.582 0.1083

0.925 0.012 0.014 0.026  0.094 0.019




Another important nding is that transfer learning signi cantly reduced training time. Figure 4.4
presents the training loss curves over time with a broken x-axis to accommodate the large discrepancy
in convergence durations. The model trained from scratch requires approximately 350 seconds to
converge, while the transfer learning-based model converges within just 25 seconds. In contrast, the

baseline model, trained on a larger dataset, requires nearly 3000 seconds to complete training.

Figure 4.4: Training loss over time. The green line shows the loss curve for one transfer learning
iteration (selected from 30 bootstrap samples), while the yellow line represents the corresponding
training-from-scratch iteration. The blue line depicts the baseline training on mid-range postures.

4.3.2 Results of Case 2: Transfer Learning for EMG Classi cation

According to Table 4.3, the three models show a signi cant di erence in classi cation accuracy
(F =8.751, p =0.031). The transfer learning model achieves the highest average accuracy%f 80.8
followed by the scratch model at 7%4while the baseline model shows the lowest accuracy at

65.7%6.
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Table 4.3: ANOVA test result and classi cation accuracy.

F ratio p-value Baseline Accuracy TL Accuracy Scratch Accuracy

8.751 0.031 0.657 0.099 0.808 0.123 0.714 0.181

Indicates p-values smaller than the signi cance level of 0.05, suggesting statistically signi cant di erences
between the three models.

The post hoc Tukey analysis further presents the results of pairwise comparisons among the three
models. As shown in Figure 4.5, the transfer learning model demonstrates a signi cantly higher
accuracy compared to both the baseline and scratch models. Although the scratch model outperforms
the baseline in average classi cation accuracy, the di erence is not statistically signi cant. Detailed

statistics for these comparisons are provided in Table 4.4.

Figure 4.5: Post-hoc Tukey results comparing the three models. Signi cance levels are indicated
as follows:ns= not signi cant; *p < 0.05; ** p < 0.01; *** p < 0.00L
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Table 4.4: Post-hoc Tukey results for di erent models.

Baseline - Scratch Baseline - TL Scratch - TL

p-value 0.268 <0.001 0.031

The training loss trajectories of the three models are shown in Figure 4.6. The transfer learning
model converges the fastest, reaching stability in approximately 30 seconds. The scratch model takes
longer, around 50 seconds, while the baseline model requires the longest training time, approximately

250 seconds.

Figure 4.6: Example of training loss trajectories from one of 30 bootstrap samples. The green
line represents the transfer learning model; the yellow line corresponds to the model trained from
scratch; the blue line shows the baseline model trained on di erent motions.
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4.4 Discussion

This study evaluated the e ectiveness of transfer learning in machine learning based human factors
and ergonomics research using two representative cases. Transfer learning can reduce the need for
extensive training data by leveraging knowledge from related domains, which is especially useful
when data are imbalanced or di cult to collect. For example, postural datasets may contain fewer
samples of less ergonomic postures, and motion classi cation data often only include very speci ¢
types of motion. Both of these situations represent common data limitations in ergonomics research
that pose signi cant challenges to developing robust and generalizable models.

Transfer learning demonstrated good accuracy and improved generalizability. In the posture
synthesis case, the transfer learning based model outperformed the baseline in similarity and validity
metrics. The baseline model's poorer generalization to extended-reach postures may be due to its
training data containing only mid-range patterns. As a result, the model likely memorized those
patterns and struggled to handle out-of-distribution tasks. Moreover, the transfer learning approach
introduced signi cantly greater variability in key joint angles-particularly in the head, forearms,
and lower limbs-compared to the scratch model. Such variability is important for generating
physiologically realistic movements, as it re ects natural di erences in human motion and supports
broader generalization (Ahmad et al., 2024; Stergiou and Decker, 2011). This increase can be
attributed to the model transferring structural knowledge from mid-range postures, which provided a
broader representation of movement patterns. By leveraging these pretrained features, the model was
better able to explore the solution space during ne-tuning, resulting in more natural and variable
posture generation. In contrast, the scratch model, trained only on limited target data, may have
lacked su cient variability in its learning process and thus produced more constrained outputs.
These ndings indicate that transfer learning not only keeps accuracy but also better retains the
natural biomechanical variability of generated postures.

In the signal classi cation case, the transfer learning model achieved higher classi cation
accuracy than both the baseline and scratch models when tested on unseen participants. While

the baseline model was trained on multiple participants, its coverage was limited to pull and push

84



motions, making it less e ective in generalizing to di erent motion types. In contrast, the transfer
learning model, initialized from this baseline and ne-tuned on a small set of squat and stoop
samples, showed statistically better performance. This improvement highlights transfer learning's
ability to extract and reuse discriminative features that capture inter-subject variability. By reusing
features that generalize across individuals, the model could form motion-speci ¢ decision boundaries
without over tting to the limited target data. This is particularly valuable in EMG classi cation
tasks, where high signal variability across participants makes generalization di cult. Unlike the
scratch model, which tends to over t on small datasets, the transfer learning model leverages prior
knowledge to remain robust.

It is also found that transfer learning signi cantly reduced computational costs. For example, in
both cases, ne-tuning the pre-trained model reduced training time by more than 40% compared
to the model trained from scratch, and by an even greater margin compared to the baseline model,
demonstrating a clear advantage in e ciency. This improvement is largely due to the model's
structure. During transfer learning, only a subset of layers was updated. In the posture synthesis
case, only the bottleneck and skip-connection layers were ne-tuned, while in the classi cation case,
just the last two convolutional layers and the nal linear layer were updated. The remaining layers
were kept frozen to retain useful representations learned from the source domain. This selective
updating reduces the number of parameters involved in backpropagation and accelerates convergence
(Raghu et al., 2019). Additionally, pre-training acts as a regularizer and provides a better starting
point, leading to faster convergence than randomly initialized weights (Erhan et al., 2010). Such
e ciency is particularly valuable in resource-constrained settings or scenarios requiring frequent
model re-training.

Despite these promising results, several limitations should be noted. First, in the posture synthesis
task, both the source and target datasets were collected in the same laboratory environment. As a
result, the current TL model was not truly tested on its ability to adapt to new work environments.
In practice, changes in environmental factors, such as room layout or oor conditions, could lead

to domain shift, where the data distribution in the target environment may di er from that of
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the source (Baek et al., 2024; Zhang et al., 2024a). This mismatch can cause the model to rely
heavily on patterns learned from the source domain, which may not apply in the new context
(Pan and Yang, 2009). Consequently, transfer learning could perform poorly, as the transferred
knowledge could even interfere with learning the right patterns for the new setting. For example,
in cluttered warehouse environments, workers may adopt di erent lifting strategies and postures
to navigate obstacles or con ned spaces. This results in posture data distributions that di er from
those observed in controlled lab settings. A TL model trained on a large amount of lab data may
learn environment-speci ¢ patterns that fail to adapt to target data from a new environment, leading
to degraded performance.

Similarly, in the EMG classi cation task, the training data were also collected under the same
controlled conditions. Factors such as electrode shift or ambient noise can introduce high signal
variability (Day, 2002; Young et al., 2011). These variations may signi cantly change EMG signal
patterns, and the transferability of models trained in such controlled environments to more dynamic
settings remains to be tested. In addition, as a preliminary study, this work included only some
commonly observed motions, which may not represent the full range of real-world MMH tasks. For
example, carrying or throwing were not included, though they are frequent in industrial settings and
involve di erent muscle activation patterns. Expanding the source dataset to include a broader set
of motions has the potential to improve the robustness of EMG feature extraction networks (Chen
et al., 2020; Mensink et al., 2021), thereby enhancing the performance of transfer learning in more

variable and realistic target scenarios.

4.5 Conclusion

This study explores transfer learning strategies in the context of human factors and ergonomics. Inthe
generative posture synthesis case, transfer learning enabled the model to generate biomechanically
plausible and more variable postures by transferring structural knowledge from related movement

patterns. In the classi cation case, transfer learning improved motion recognition accuracy when
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applied to new motion types and participants by leveraging inter-subject variability learned from the

source domain. These ndings demonstrate that transfer learning helps models adapt e ciently

to new and related tasks using only limited target data, highlighting its potential to address data
limitation challenges in machine learning based ergonomics research.

Future research should validate these ndings in real-world settings, where tasks are more
complex and conditions are less controlled. This includes testing transfer learning models across
di erent environments, populations with varying characteristics, and under practical constraints such
as changing load conditions and fatigue levels. Such validation is essential to ensure the reliability

and applicability of these models in real-world ergonomic interventions and workplace assessments.
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CHAPTER

CONCLUSION AND FUTURE WORK

This dissertation aims to address key data-related challenges in applying machine learning to HFE
research. Limitations such as data scarcity and privacy constraints hinder the development of reliable
and scalable models for ergonomic assessment and intervention, as these models typically require a
large amount of data to perform e ectively. To tackle these issues, this research explores the use of
generative models and transfer learning, two promising yet underutilized techniques in the HFE
domain, to enhance data availability and model adaptability.

To achieve these goals, three interrelated studies were conducted. The rst study focused on
posture prediction during manual material handling (MMH) tasks using generative di usion models.

By implementing U-Net and MLP architectures, we demonstrated that di usion models can predict
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postures with both high similarity and biomechanical variability. The U-Net model achieved higher
similarity, with a key-point RMSE 05.86 cm and a joint angle RMSE df3.67 . On the other hand,

the MLP model produced more varied postures, with higher joint angle variability. For example,
a standard deviation @49 and4.18 for upper-arm exion and extension joints. These results
highlight the models' ability to not only match target postures but also re ect natural variability,
which is crucial for proactive ergonomic design and work-related musculoskeletal disorder (WMSD)
risk mitigation.

The second study explored EMG signal synthesis using a U-Net-based di usion model for
MMH tasks to address privacy concerns in biosignal data collection. The results showed that
the synthesized signals closely resembled the original data in both time and frequency domains.
Quantitative evaluations indicated that key EMG features were preserved, with no signi cant
statistical di erences observed between the original and synthesized data distributions. Additionally,
a classi er trained on real EMG signals performed reliably when tested on the synthesized signals,
supporting the practical applicability of the generated data for activity classi cation. These outcomes
demonstrate the potential of di usion-based synthesis to generate realistic EMG signals while
mitigating privacy concerns and enhancing dataset availability for ergonomics research.

The third study investigated the use of transfer learning to address data scarcity and improve
model adaptability across two representative cases: posture synthesis and EMG signal classi cation.
In each task, a transfer learning model was compared against baseline and scratch models using
limited data from new participants. In the posture synthesis case, the transfer learning model was
ne-tuned on extended-reach postures and achieved better similarity and validity than the baseline
while preserving greater biomechanical variability than the scratch model. In the EMG classi cation
case, the transfer learning model attained the highest accuracy on unseen participants. In both cases,
transfer learning reduced training time by over 40% compared to the scratch model and even more
than the baseline. These ndings demonstrate the feasibility and e ectiveness of transfer learning as
a practical solution to data limitations in ergonomics applications.

Future works will mainly focus on three aspects. First, a wider range of load conditions in manual
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material handling tasks should be incorporated into the training datasets. Load is a critical factor that
in uences both lifting postures and muscle activation patterns (Aghazadeh et al., 2020; Gallagher
and Heberger, 2013). In real-world settings, workers frequently handle objects with di erent weights,
and these variations can signi cantly a ect biomechanical strategies and neuromuscular responses
(James et al., 2003; Robbins et al., 2010). However, in the posture prediction project, all participants
performed lifting tasks using an empty box. As a result, the model may not generalize well to
scenarios involving heavier or variable loads, where posture can di er substantially. Similarly, in the
EMG synthesis project, experiments were conducted using a xed load. Changes in load can lead to
di erent levels of muscle engagement, which in turn a ect EMG patterns and signal characteristics.
Including more load scenarios in future datasets will improve the models' ability to adapt to realistic
lifting tasks and enhance their applicability in practical ergonomic assessments and interventions.

Second, future work should consider collecting EMG signals from additional muscle groups.
This could reveal important activation patterns missed by single-channel setups (Simon et al., 2024).
For example, in the EMG signal synthesis project, only lumbar spine EMG data were used, potentially
overlooking contributions from other muscles involved in lifting. Expanding to multi-channel EMG
would enable the generative model to capture more complete activation dynamics and produce
more realistic, generalizable synthetic signals. Similarly, in the transfer learning-based EMG
classi cation project, incorporating signals from multiple sites could provide richer input features,
helping the model better distinguish between complex tasks. This would also improve robustness to
inter-individual variability and enhance e ectiveness in real-world applications where movement
strategies and muscle engagement patterns vary (Bangaru et al., 2021).

Third, future research should explore the generalizability of transfer learning models across
varied environmental conditions. In the current transfer learning project, which included both Case 1
(posture synthesis) and Case 2 (EMG classi cation), the source and target datasets were collected in
the same laboratory setting with consistent lighting and spatial layout. While this setup allowed for
controlled experimentation, it did not test the TL models' ability to adapt to real-world environments

where factors such as room con guration, oor conditions, and lighting can di er signi cantly.
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These environmental variations can cause domain shift, where the data distribution in the target
environment diverges from that of the source (Baek et al., 2024; Pan and Yang, 2009; Zhang et al.,
2024a). As a result, models trained in controlled conditions may over t to environment-speci ¢
features and struggle to generalize to new settings. For example, lifting strategies in cluttered
warehouse environments may di er due to spatial constraints, and changes in physical e ort may also
in uence muscle activation patterns. Future work should therefore incorporate datasets collected

from diverse environments to evaluate and improve the robustness of TL models under domain shift.
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A.1 Details of Network Implementation

This section provides a detailed overview of our U-Net and MLP network implementations. Table A.1
details the layers and dimensions of the U-Net architecture, and Table A.2 outlines the same for the
MLP network. These tables offer a comprehensive look at each network’s structure and functional

components.

A.2 Description of Anatomical Markers and Joint Angle Coor-

dinates

Thirty-five markers were placed on bony landmarks. The detailed location of each marker is
described in the caption of Fig. A.1.

The joint angle coordinates are defined in Table A.3. Each angle is determined by two links,
which are connected by two joints. The numbers in the table indicate the anatomical markers
corresponding to each joint. For instance, the head flexion/extension (HFE) angle is defined between
the links from Forehead (#01) to C7 (#06) and from C7 (#06) to Incisura Jugularis (#07). This

detailed marker system allows for the calculation and analysis of joint angles.

A.3 Metrics

Two metrics were used for quantitative evaluation in this study. Denote X eq as the predicted
postures and X,¢4) as the actual postures. Both Xeq and X,e4) are M 105 vectors, where M
represents the total number of postures and 105 is obtained through 35 anatomical landmarks * 3

dimensions. RMSE calculates the square root of the average of the squared differences between the
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Figure A.1: Anatomical marker details. 00-Forehead, 01/02-Right/Left Temple, 03/04-Right/Left
Acromion, 05-Processus Spinous of the 7th Cervical Vertebra (C7), 06-Deepest point of Incisura
Jugularis, 07-Processus Spinous of the 8th Thoracic vertebra (T8), 08-Processus Xiphoideus, 09/10-
Right/Left Most Caudal Point on Lateral Epicondyle, 11/12-Right/Left Most Caudal Point on Medial
Epicondyle, 13/14-Right/Left Most Caudal Lateral Point on the Radial Styloid, 15/16-Right/Left
Most Caudal Medial Point on the Ulnar Styloid, 17/18-Right/Left Anterior Superior Iliac Spine,
19/20-Right/Left Posterior Superior Iliac Spine, 21/22-Right/Left Femoral Epicondyle, 23/24-
Right/Left the Most Lateral Point on the Border of the Lateral Tibial Condyle, 25/26-Right/Left the
Most Medial Point on the Border of the Medial Tibial Condyle, 27/28-Right/Left Tip of Medial
Malleolus (on the shoes), 29/30-Right/Left Tip of Lateral Malleolus, 31/32-Right/Left Big Toe (on
the shoes), 33/34-Right/Left Caudal Calcaneus.
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predicted values and the actual values. It is defined as:

¥
kXpred Xreal k%

M

RMSE = (A.1)

MAE measures the average absolute difference between the values predicted by a model and the

actual observed values.
kxp red >(real kl

M

M AE = (A.2)

The RMSE and the MAE for the joint angles are defined similarly.

MHE and MWE are metrics evaluating the predicted posture’s compliance with end-effector
location constraints. They are defined as follows, with the notation as mentioned: Hf red, predicted
height of the left hand. H,"®2!, the actual height of the left hand. W,”"*“, predicted width of the left

hand. W,"®2!, the actual width of the left hand. The right hand is defined similarly.

1
MHE:Eijred Hrealj e Hreal ] (A.3)

1
MW E = ijLp”"d wrealjjwpPred i real; (A.4)

A.4 RMSE Differences for Each Marker

To better indicate the level of predicted similarity, we compared the RMSE differences for each of
the 35 skin markers, as shown in Fig. A.2. Notably, the errors for hand positions (right/left Radial
Styloid, and right/left Ulnar Styloid) are low across all networks due to the use of hand positions as
constraints during training. Different models exhibit varying sensitivities to body parts, likely due
to their ability to model spatial hierarchy. Literature highlights that lower limbs involve complex

spatial hierarchies due to coordinated movements of the hips, knees, and ankles (Shan and Zhang,
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2011). U-Net’s architecture captures these dependencies well, reducing RMSE for the lower limbs,
while MLP treats each key point more independently, leading to higher RMSE within this part.
Additionally, U-Net and cVAE, which use reconstruction-based loss functions, maintain overall

structure better than cGAN, which may focus more on specific features.
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